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Food choices are the foundation of eating habits and contribute to weight status and 
health. Food choices are informed by expectations about a food’s reward value learned through 
appetitive food conditioning. This dissertation investigated brain connectivity during conditioning 
via food reward and punishment and brain adaptation to repeated exposure to food cue and 
tastes. An overarching goal was to identify how individual differences in behavioral 
characteristics relate to brain response and learning outcomes.  
Data from healthy, young adults (n=90) characterized brain network structure during 
completion of a response-dependent, taste motivated instrumental conditioning task, called the 
appetitive Probabilistic Selection Task (PST). We examined behavioral, psychological, and 
physiological correlates of learning outcomes measured by the PST. During the PST, brain 
networks organization was similar across conditions in the task (choice, sweet/bitter taste), with 
key differences in connectivity of prefrontal regions between sweet and bitter tastes. During 
choice, increased within-network connectivity of a network containing memory and learning 
regions correlated with increased behavioral sensitivity to food punishment. Negative correlates 
of learning included external eating and body mass index (BMI) and in women, trait sensitivity to 
punishment was positively associated with behavioral sensitivity to food reward and 
punishment.  
Data from healthy adolescents (n=154) examined how brain response to food cue/taste 
adapted with repeated exposure. Response in motivation and attention regions increased 
following repeated cue presentations, and response in taste responsiveness areas increased 
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following repeated taste administration. Additionally, individual differences in the magnitude of 
change was correlated with age/sex adjusted BMI.   
Together, results identify individual differences in brain response and behavioral 
outcomes of food conditioning. Findings suggest high BMI and high susceptibility to cued-
overeating are related to decreased ability to make choices based on food’s motivational value, 
and that higher BMI is associated with greater attention/motivation for food cues with repeated 
exposure. Together, these outcomes place individuals at elevated risk of making misinformed 
food decisions and misallocating effort to attain food reward. Identifying individual differences in 
food conditioning can better predict eating behavior and obesity risk in healthy populations and 
support eating behavior interventions focused on decreasing food cue-responsiveness and 
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CHAPTER I. INTRODUCTION 
Overweight and obesity affect over two thirds of adults in the US,1 and are associated 
with increased risk for diseases including type 2 diabetes, cardiovascular disease, and certain 
cancers.2–4 Genetics, metabolism, environment, and lifestyle choices all contribute to weight 
status,5–8 but food choice is one of the most proximal, modifiable determinants of weight.6,9,10 
Information from behavioral, social, and environmental cues influences our choices about when, 
what, and how much to eat.11,12 For cues to influence food choices, individuals must first learn 
about the cue through appetitive, food conditioning.13–15 Food conditioning, or the process 
through which we learn to associate a cue with the motivational value of a food, creates 
expectations for food reward or punishment, and helps individuals predict the outcome of a 
choice based on prior experience.16 Food conditioning helps optimize behavior to increase food 
reward, avoid averse outcomes, and direct the appropriate amount of effort towards a goal 
based on the outcome. Reinforcement learning is mediated by changes in brain response,17 so 
characterizing how the brain responds to food cues and taste can help us better understand 
food reinforcement.  
 Food cues and palatable tastes evoke replicable patterns of brain response in humans. 
Food cues are consistently associated with increased brain response in the lateral occipital 
cortex (visual processing) orbitofrontal cortex (OFC; reward value expectation and secondary 
taste cortex), and insula (interoception and primary taste cortex).18 Administration of a palatable 
taste is associated with increased brain response in the oral somatosensory cortex (oral 
sensation), insula, OFC, and the striatum (motivation and reinforcement).19,20 However, few 
studies have examined how brain regions interact in response to food cues and taste and how 
brain regions organize as a network during food conditioning. Further, brain response to food 
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cues and taste changes over the course of learning. During repeated cue-reinforcer pairings, 
response to a food cue increases in the striatum, while response to taste decreases in the 
striatum and OFC.21 The strength of brain adaptation has been correlated with longitudinal 
weight change,21 but not cross-sectional measures of eating behavior or trait sensitivity to 
reward and punishment. Given the foundational role of food conditioning for food choices and 
for the development of eating habits, an improved understanding how the brain responds to 
food reinforcement is needed. Beyond brain response, it is important to examine how 
biobehavioral characteristics such as BMI, eating behavior constructs, and trait sensitivity to 
reward and punishment relate to individual differences in food conditioning. Individual 
differences in these traits are associated with reinforcement learning via secondary 
reinforcers,22–24 but few studies have examine their relationships to food conditioning. Identifying 
brain response during food conditioning and characteristics that relate to sensitivity to food 
reinforcement can together help better understand food choices, which in turn can inform 
research on eating habits and weight change.  
Specific Aims 
This dissertation seeks to address gaps in our understanding of the neural basis of food 
conditioning and individual-level factors that contribute to differences in how we learn from taste. 
Utilizing reinforcement learning and food reward tasks, this research examined how functional 
brain connectivity and network organization, representing how regions of the brain interact, are 
associated with performance on a taste-motivated, response-dependent reinforcement learning 
task, called the appetitive Probabilistic Selection Task (PST). Second, we identified 
biobehavioral characteristics associated with sensitivity to food reward and punishment to 
understand individual-level factors that affect learning measured by the appetitive PST. Third, 
we tested how brain response adapted to repeated exposure to a cue predicting milkshake 
receipt and milkshake taste administration, and tested for physiological and psychological 
correlates of individual differences in brain changes. These studies provide insight into what 
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individual-level factors affect how we learn associations between foods and their cues and how 
the brain responds to food conditioning. Understanding individual differences in food 
conditioning allows us to better predict eating behavior and identify those at risk for habitual 
overeating and weight gain.  
Aim 1 
Examine brain response, functional connectivity, and network organization associated 
with choice, reward via sweet taste, and punishment via bitter taste during an appetitive 
probabilistic selection task.  
• Hypothesis: Brain response during choice will be associated with brain response in the 
medial OFC and prefrontal cortex; sweet taste will be associated with response in the 
insula, dorsal anterior cingulate cortex, OFC, and amygdala response; and bitter taste 
will be associated with response in the OFC and amygdala. Network organization will 
show fewer subnetworks in response to choice compared to food reward and 
punishment, reflecting more synchronization across the brain during choice.  
Aim 1b: Test how facets of network organization relate to sensitivity to reward and punishment 
as measured by the appetitive probabilism selection task.  
• Hypothesis: Increased community segregation across conditions will be associated with 
improved task performance as measured by task posttest accuracy.  
Aim 2 
Test how psychological, behavioral, and physiological variables associate with 
behavioral sensitivity to reward and punishment as measured by performance on an appetitive 
probabilistic selection task using multivariate linear models.   
• Hypothesis: In multivariate linear models, body mass index, emotional eating, and trait 
sensitivity to punishment will be associated with behavioral sensitivity to punishment. 
External eating and trait sensitivity to reward will be associated with behavioral 
 
 4 
sensitivity to reward. Overall performance will be associated with working memory 
capacity, and trait sensitivity to reward and punishment. 
Aim 3  
Test the effect repeated exposure to a cue predicting milkshake receipt and milkshake 
taste administration on brain response during a fMRI food reward paradigm.  
• Hypothesis: Repeated exposure to a cue predicting milkshake receipt will be associated 
with increased striatal response over time. Repeated exposure to milkshake taste 
administration will be associated with decreased OFC response over time.  
Aim 3b: Test for associations between the magnitude of change over time and measures of 
eating behavior, adiposity, and weight gain risk.  
• Hypothesis: BMI and weight gain risk factors, including parental weight status and high 











CHAPTER II. BACKGROUND 
Consequences of Obesity 
Obesity is a medical condition characterized by the accumulation of body fat. Obesity, 
formally defined by a body mass index (BMI) above 30.0 kg/m2, affected almost 40% of 
American adults in 2015 to 2016,25 and is on the rise globally.26–28 Obesity increases risk for a 
number of diseases including type 2 diabetes, cancer, and ischemic heart disease,2,4,29–31 
making it one of the top five risk factors of preventable death.32 Elevated weight also has a high 
financial burden; obesity incurs about $147 billion US dollars in healthcare costs each year.33 
For individuals with obesity, this translates to a $1,450 US dollar increase in annual health 
expenses, as compared to someone at a normal weight. Beyond increasing the risk of disease, 
death, and healthcare costs, obesity is also associated with increased risk of depression34 and 
is a possible risk factor for the development of cognitive dysfunction and dementia later in 
life.35,36 Given the wide range of adverse effects associated with obesity, public health research 
has focused on ways to treat obesity and prevent weight gain. At the most fundamental level, 
obesity is caused by an imbalance between caloric intake and energy expenditure. 
Physiological,37 behavioral,38,39 environmental,40 and societal41 factors can change energy 
balance, making obesity a heterogenous and multifaceted disease. Genetics have a strong 
influence on metabolism and the regulation of body weight,42 but given the rapid increase in the 
prevalence of obesity, changes to the genome do not occur quickly enough for genetics alone to 
explain the rapid rise in obesity prevalence.43 Instead, more mutable determinants such as 
eating behavior and the environment are thought to be drivers of the obesity crisis. Environment 
determinants of obesity impact affect many people, but their effects are diffuse and small for any 
one person. Conversely, on the individual level, eating behavior is one of the most proximal 
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determinants of a person’s weight status.1,26 Therefore, understanding eating behavior, 
specifically how aberrant eating habits develop, is a key point of study in the etiology of obesity.  
Eating Behavior and Reinforcement Learning 
Food is omnipresent in the modern food environment.44 The wide availability of 
palatable, energy dense, and ready-to-eat foods presents a constant pressure to make 
decisions about what, when, and how much to eat. Food choices depend heavily on the 
combination of context (e.g. hunger state) and preferences.12 Context represents the 
combination of physiological and environmental signals that influence our decisions. Such 
signals include hunger; dietary goals; the time of day; social influences, and the physical 
environment in which a decision is made.11,45–49 Depending on the context, choices can be 
vastly different. For example, someone may refuse a favorite food if they’re full, or someone 
may eat a food they dislike to fit in with peers. Conversely, an individual’s food preferences, 
representing their appraisal of how much they like a food, are more stable.50 Some taste 
preferences are innate, such as the preference for sweet or dislike of bitter tastes,46,51,52 but the 
majority of food preferences are acquired through reinforcement learning.53 Two systems of 
reinforcement learning underpin how we acquire information about food: classical conditioning 
and instrumental conditioning.  
Classical (also referred to as Pavlovian) conditioning is the process through which the 
relationship between a cue and reinforcer is learned.54 Classical conditioning occurs when a 
neutral stimulus is paired with a reinforcer54 repeatedly. Over time, the neutral stimulus is 
learned to be a predictive cue of the reinforcer54 and will evoke the same response as the 
reinforcer55 (Figure 2.1A). Stimulus-reinforcer learning is highly conserved across species – 
birds, fish, reptiles, and mammals demonstrate classical conditioning.56 In simplest terms, 
classical conditioning is about prediction.57 The conditioned stimulus is learned to predict 
reinforcement, and the cue’s predictive signal evokes the conditioned response. Classical 
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conditioning in ingestive behavior includes processes like conditioned taste aversion, flavor-
nutrient learning, and flavor-flavor learning.  
Figure 2.1: Classical and Instrumental Conditioning 
 
Conditioned taste aversion was first demonstrated by Rzóska, who showed that after a 
rodent was made sick by injection of a noxious agent after consuming a food, the rat would 
immediately begin to avoid that food.58 This effect has been replicated in other rodent studies,59 
and in humans conditioned taste aversion can have lifetime effects on food preferences.60 
Unlike conditioned taste aversion, flavor-nutrient learning and flavor-flavor learning are 
motivated by reward. Flavor-nutrient learning is thought to be the backbone of taste 
preferences. Flavor-nutrient learning occurs when a food’s post-ingestive effects, specifically the 
caloric or protein content, is learned to be associated with the food’s flavor, creating a 
preference for the flavor.61 The foundational evidence for flavor-nutrient learning comes from 
animal models. Rats were provided two novel flavored solutions: when they consumed one of 
the solutions, they received an intragastric infusion of a caloric liquid, while the other flavor was 
paired with an infusion of water. Following training, rats strongly preferred the flavor connected 
with calories.62 Flavor-flavor learning occurs as a novel flavor is paired with an already preferred 
flavor, and through this association, preference for the novel flavor increases.63 Flavor-flavor 
learning is theorized to work as a ‘short cut’ to form preferences, where established likes and 
dislikes inform the hedonic value of a new flavor.64 Further, flavor-flavor learning is enhanced 
when it co-occurs with flavor-nutrient conditioning.65 Flavor-nutrient learning and flavor-flavor 
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learning help individuals form preferences via associative mechanisms. In turn, learned 
preferences set expectations for the reinforcing value of foods to help drive food choice.  
While, classical conditioning is the process through which we learn predictions, 
instrumental (or operant) conditioning is the process through which we learn optimization 
(Figure 2.1B). Instrumental conditioning involves learning to associate a stimulus with a 
response that is related to reinforcement. Originally described by E.L Thorndike as “trial and 
error learning,”66 instrumental conditioning helps an individual select the best action to gain a 
reward or avoid a punishment. A critical component of instrumental conditioning is that 
conditioned responses only occur in the presence of the learned stimulus. This is accomplished 
through three stages of learning, referred to as three-term contingency.66 First, a discriminative 
stimulus occurs, which cues a response. The response itself is the next stage of learning, 
followed by consequences. When the consequence of a response is favorable, that behavior will 
be reinforced and the relationship between the discriminative stimulus and outcome is 
strengthened.66 When the consequence is aversive, the response will be down regulated or 
adapted.66 In the context of ingestive behavior, instrumental conditioning is represented in goal-
directed behaviors to earn or avoid foods, such as how rodens learn to lick a feeder that 
contains sucrose solution,67 or how people learning to avoid an item on the menu because it’s 
not to their liking.67 Instrumental conditioning underpins many goal-directed behaviors related to 
food, and a key difference between these instrumental conditioning and classically conditioning 
is the reflexiveness of response. Classical conditioning responses are automatic and implicit, 
while instrumental behavior is under the control of the actor. Together, classical and 
instrumental conditioning provides a framework for the processes that contribute to food 
preferences and food choices.  
Neural Circuits in Reinforcement Learning 
Human neuroimaging studies and research in animal models have identified key 
pathways in the brain that mediate reinforcement learning. Reinforcement learning is mediated 
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by dopamine signaling. Dopamine, a neurotransmitter synthesized from tyrosine, was originally 
thought to respond to reward, since electrophysiological recordings showed action potential 
spikes in dopaminergic neurons in the striatum in response to rewards.68 Seminal work by 
Schultz et al. demonstrated that dopamine signal also predicts rewards following conditioning.69 
Following repeated pairings of a cue with palatable food, firing of dopaminergic neurons in 
response to the food reward slowed, and instead dopamine signaling shifted to the cue that 
predicted reward.69 This work established that with conditioning, cues become motivationally 
salient and confer their own value for anticipation of reward.70 The predictive value of cues 
encoded by dopamine provides the basis for another aspect of reinforcement learning; 
prediction error, or the difference between expected and actual outcomes.71   
Prediction error can be categorized into two types: positive prediction error, where the 
outcome is better than expected, or negative prediction error, where the outcome is worse. 
Differences in dopamine signaling correspond to the two types of prediction error. Dopamine 
response increases following receipt of an unexpected reward, signifying a positive prediction 
error.72,73 Conversely, when an expected reward is withheld, dopamine response decreases, 
signaling a negative prediction error.72,74 Pharmacological manipulations of dopaminergic 
function demonstrate that too much or too little dopamine can impact reinforcement learning. 
Increasing dopamine signaling via administration of a dopamine agonist disrupts reinforcement 
learning in humans,75 while blocking dopamine signal via a dopamine antagonist prevents 
animals from learning to associate a cue with its paired reinforcer.76 Finally, individual 
differences in dopamine signaling relate to how participants learn from reward and punishment, 
where greater dopamine synthesis (within normal levels) is associated with improved sensitivity 
to reward and decreased dopamine synthesis is positivity related to punishment sensitivity.77,78 
Together, these studies establish the importance of dopamine for reinforcement learning. 
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Dopamine signal from the midbrain projects to other brain regions, such as the prefrontal 
cortex, to coordinate learning. The corticostriatal loop is an especially important pathway that 
coordinates motivated behaviors (Figure 2.2).  
Figure 2.2: Brain Regions in the Corticostriatal Loop.  
 
The corticostriatal loop includes projections from midbrain areas, such as the dorsal and 
ventral striatum and ventral pallidum, to the prefrontal cortex. The prefrontal cortex is a large 
area covering the anterior portion of the frontal lobe. Brain regions in the prefrontal cortex have 
many functions. Broadly, the prefrontal cortex is involved in executive function, which controls 
behaviors like decision making, action selection, problem solving, and planning.79 Specific areas 
of the prefrontal cortex are part of the corticostriatal loop, including the orbitofrontal cortex 
(OFC), ventromedial prefrontal cortex (vmPFC), and dorsolateral prefrontal cortex (dlPFC).80 
Each of these prefrontal regions have important functions for reinforcement learning. The OFC 
is closely tied to taste and other sensory inputs, and is thought to link sensory representations of 
cues to their value as outcomes.81 The vmPFC is also involved in assessing the value of 
outcomes, and especially contributes to choosing between multiple outcomes.82,83 The dlPFC 
monitors the incentive value of outcomes and anticipates future rewards.81,84 Of note, the 
corticostriatal pathway is bidirectional, so information from the prefrontal cortex is 
communicated back to the midbrain to coordinate reinforcement learning. This feedback is 
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communicated through “top-down” projections that mediate response to feedback and change 
dopamine signaling as needed.85,86  
In addition to the corticostriatal loop, pathways involved in memory are of particular 
importance for reinforcement learning. Reinforcement learning, especially in when it involves 
complex decision making, relies on working memory. Working memory is a system that 
temporarily processes and stores information needed for cognition.87 Working memory recruits 
multiple brain regions across the frontoparietal network, which included the dlPFC, the anterior 
cingulate cortex, and the parietal cortex.88 Similar to its function in the corticostriatal loop, when 
involved in working memory, the dlPFC functions to integrate information for decision-making. 
The anterior cingulate cortex is thought to control attention, while the parietal cortex completes 
sensory and perceptual processes needed for working memory.88 Working memory is closely 
linked to reinforcement learning. Evidence from studies of disorders with working memory 
impairments, such as schizophrenia, show that working memory deficits can interrupt 
reinforcement learning.89,90 Individuals with high working memory capacity are able to learn cue-
reinforcement contingencies faster.87 Thus, classical and instrumental conditioning both rely on 
working memory to provide the processing power needed for learning.  
In addition to these pathways, other regions of the brain are implicated in reinforcement 
learning. One such region is the amygdala. During reinforcement learning, the amygdala was 
previously thought to respond only to aversive stimuli,91 however, it also shows BOLD response 
to rewards.92–94 Thus, the amygdala is thought to communicate information about reinforcement 
context and expectations,95 contributing to value signals along with the OFC,96,97 and the 
vmPFC98 during conditioning.   
Many of the brain regions thought to underpin reinforcement learning were identified 
using generalized linear model-based neuroimaging approaches that examine whole brain 
response. However, an emerging method for understanding neural components of conditioning 
is the use of functional connectivity and network analyses. These analytic approaches provide 
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important information regarding how brain regions work together to produce complex behaviors. 
Functional connectivity and network-based approaches characterize how activity in brain 
regions correlate over time.99 Functional connectivity and network structure can exist between 
spatially distinct regions, theoretically representing the flow of information across the brain.100–102 
Functional connectivity correlates regional brain activity over time in a pairwise fashion, 
reflecting synchronous response across areas. Network-based analyses of brain response build 
on functional connectivity by applying graph-theory measures to connectivity data. Regions of 
the brain are treated as “nodes” of a graph and their pairwise functional connectivity or 
correlation as “edges”100 (Figure 2.3). This approach provides information about the architecture 
of brain networks and the relationships between groups of brain areas. 
Figure 2.3. Network-Based Approaches to Study Brain Response.  
 
When examined in the context of reinforcement learning, functional connectivity is 
increased in areas previously identified as important for learning. On a reinforcement task with 
monetary gains and losses, connectivity was observed between the ventral striatum, insula, 
amygdala and hippocampus during learning, independent of outcome.103 Monetary loss was 
also uniquely associated with increased connectivity of a ventral striatum to the amygdala and 
medial OFC.103 Connectivity patterns demonstrate the critical role of the ventral striatum in 
encoding and updating reward expectations during learning. Network-based metrics also reveal 
unique information about how the brain organizes during reinforcement learning. One metric 
applied in the research is modularity. Modularity identifies the organization of brain regions into 
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functional subnetworks, or modules, that are theorized to perform specialized tasks.104 
Modularity, particularly of the sensory-motor subnetwork, predicts individual differences in 
response to cognitive training,105 suggesting that modularity is a marker for brain plasticity.106 
During reinforcement learning, module organization of the striatum changes, such that the 
striatum becomes more closely connected to cue-processing and value assessment regions.107 
Further, individual differences in how readily the striatum changes modules are positively 
associated with learning performance,107 supporting that individual differences in the formation 
of efficient pathways for decision making is related to behavioral outcomes. Critically, the 
reinforcers used to study brain response to reinforcement learning are often text or visual 
representations of secondary reinforcers, like money. A primary reinforcer, such as food, may 
have more saliency108 and could contribute to different network organization and dynamics over 
learning.109 To date, no study has examined network structure during reinforcement learning on 
a response-dependent, food-motivated task.     
Individual Differences in Reinforcement Learning  
Reinforcement learning is a highly conserved process, yet there are observed variations 
in how quickly and how strongly individuals undergo conditioning. In rodent models of 
reinforcement learning, animals show individual differences in their susceptibility to food cues, in 
behavioral phenotype named sign-tracking and goal-tracking.110,111 Sign-tracking animals 
display a propensity to interact with the reward cues, while goal-trackers interact heavily with the 
location where a reward is distributed.112,113 While reinforcement learning is required for both 
behaviors, sign-trackers uniquely assign incentive salience,114 or a strong motivating desire, to 
the cue.115 Critically, animals naturally align with one phenotype or the other,115 supporting that 
even among model animals designed to be similar, there still exists meaningful individual 
variation in sensitivity to conditioned cues.115 Animals that display sign-tracking behavior are 
more resistant to changing behavior following a change in the motivational value of food, 
suggesting stronger conditioning. In humans, the sign-tracking phenotype closely maps onto the 
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construct of cue-reactivity. Cue-reactivity represents an individual’s sensitivity to conditioned 
cues and is closely tied to cravings. People with higher cue-reactivity show stronger approach 
bias towards cued foods116,117 and increased intake of craved foods.118 Cue-reactivity may also 
affect the degree to which brain response changes during conditioning. In humans, an fMRI 
study identified that during classical conditioning via pairing a novel cue with administration of a 
chocolate milkshake, striatal BOLD response to the taste decreases over time, while striatal 
BOLD response to the predictive cue increases.21 The degree to which striatal response 
changed over the course of conditioning predicted with weight gain over two years, suggesting 
that increasing motivational response towards cues could translate to weight gain.21 Together, 
animal models and human research support that individual differences in sign-tracking and cue-
responsiveness can change reinforcement learning and contribute to elevated risk of weight 
gain.  
Additional physiological and psychological characteristics are associated with individual 
differences in reinforcement learning. Individuals at an elevated weight show stronger classical 
conditioning when a novel cue is paired with a chocolate milkshake compared to healthy weight 
participants.119 Also, obesity is associated with insensitivity to punishment on conditioning tasks. 
Obese animals show increased tolerance for punishment via foot shock in order to receive a 
food reward.120 In humans, obesity is associated with insensitivity to negative feedback on a 
decision making task that operates through instrumental conditioning, while sensitivity to 
positive feedback was the same in the obese group as the healthy weight group.23 Diet also 
impacts individual differences in reinforcement learning. Consumption of a high-fat, high-sugar 
diet causes impairments in discriminative learning that precedes weight gain and obesity in 
preclinical models.121 Further, a high sucrose diet was associated with delayed outcome 
devaluation in rodents, demonstrating stronger habit formation.122 Finally, poor glycemic control, 
as represented by elevated glycated hemoglobin (HbA1c) is related to poorer sensitivity to 
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feedback measured by the Iowa Gambling Task,123 a decision making task that utilizes 
instrumental conditioning.124  
Psychological and cognitive characteristics also can impact an individual’s propensity 
towards reinforcement learning. Three constructs are particularly relevant: 1) trait sensitivity to 
reward and punishment, 2) dietary restraint, and 3) working memory. Questionnaires that 
assess trait sensitivity/responsivity to reward and punishment include the Behavioral Inhibitory 
System and Behavioral Approach System (BIS/BAS) scales125 and the Sensitivity to Punishment 
and Sensitivity to Reward Questionnaire (SPSRQ).126 The BIS/BAS, which measures behavioral 
approach (reward sensitivity; BAS) and inhibition (punishment sensitivity; BIS), are associated 
with brain response during an instrumental reinforcement learning task, and higher BIS score 
are inversely associated with ability to learn from reward.24 Trait sensitivity to reward and 
punishment is also measured by the SPSRQ. Trait sensitivity to punishment and reward via the 
SPSRQ also related to performance on a probabilistic learning task’s behavioral measure of 
approach and avoidance, was associated with performance on a probabilistic learning task, 
such that those with high trait sensitivity to reward were better at choosing reward while those 
with high trait sensitivity to punishment were better at avoiding punishment.127 Together, these 
studies support that individual differences in trait sensitivity to reward and punishment are 
associated with neurobehavioral response to reinforcement learning. Another psychological 
characteristic associated with individual differences in reward learning is dietary restraint. The 
construct of dietary restraint represents an individual’s intention to limit their food intake for the 
means of controlling or losing weight.128 Dietary restraint impacts flavor-flavor learning, such that 
those with high dietary restraint do not form preferences for the novel flavor paired with a food 
reward.129,130 Conversely, individuals with high dietary restraint perform better on a monetary 
reinforcement learning task,23 suggesting that the effects of dietary restraint on reinforcement 
learning may be specific to the reinforcer’s domain. Finally, working memory may also 
contribute to reinforcement learning. Individual differences in working memory load affects 
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performance on reinforcement learning tasks and response to prediction error.90 In summary, a 
number of characteristics including adiposity, diet, and cognitive and psychological constructs 
are associated with individual differences in reinforcement learning.   
Motivation for Dissertation Studies  
Reinforcement learning is a key component of eating behavior53 and is associated with 
brain response across a number of regions including the midbrain, prefrontal cortex, insula, 
parietal cortex, and amygdala.20,80,107,131–133 Food motivated reinforcement learning is widely 
studied in behavioral neuroscience research with animal models using primary reinforcers or 
direct manipulation of dopaminergic circuity.134 However, human neuroimaging studies of 
reinforcement learning typically utilize secondary reinforcers, such as monetary gain/loss or 
visual feedback. Few studies have bridged animal and human models of reinforcement learning 
by examining functional brain response to food reinforcement learning. This dissertation sought 
to address these gaps by testing whole brain response and network connectivity during food-
motivated reinforcement learning and biobehavioral factors that contribute to individual 
differences in conditioning. First, I examined task-based functional connectivity and network 
organization to characterize how regions of the brain integrate during reinforcement learning on 
a response-dependent, taste-motivated instrumental conditioning task. Second, I examined how 
individual-level characteristics predict learning in the same sample. Finally, in a separate 
sample, I examined tested the impact of repeated exposure to a food cue and taste on brain 
response to stimuli, and how the magnitude of change in brain response related to risk factors 
for weight gain.  
This dissertation gives novel insight into how individual-level characteristics affect brain 
response during learning from a primary reinforcer. Together, these three studies demonstrate 
the complex patterns of connectivity that underpin reinforcement learning behavior. The first 
study presents the first use of a primary reinforcer in the probabilistic selection task, assessing 
response to appetitive reward and punishment during functional MRI. Results provide unique 
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insight into how food reinforcement affects brain network structure during the task, and show 
that module assignment of regions involved in reward processing and expectations change 
between choice, reward, and punishment conditions. By testing biobehavioral correlates of 
appetitive reinforcement learning, the second study in this series identifies factors that make 
individuals more responsive or resistant to learning from food reward and punishment. 
Theoretically, increased sensitivity to reward or punishment impacts food choice, so identifying 
how individuals respond to reinforcement can inform variability in food choices. Finally, the third 
study addresses how brain response to taste and cues predicting taste administration changes 
over time to identify regions that adapt to repeated exposure to cue-taste pairings. How brain 
adaptation correlated with behavioral outcomes was also tested to determine behavioral and 








CHAPTER III. METHODS 
This dissertation employed several methods to examine individual differences in 
appetitive reinforcement learning.  
Study Samples and Data Collection Overview 
Aims 1 and 2 
Data used for aims 1 and 2 were collected in a study designed to probe individual 
differences in learning from food reward and punishment. Data were collected from March to 
December 2018 in Chapel Hill, North Carolina, USA. Participants were recruited through a 
University-operated online recruitment pool (Join the Conquest), online advertisements via 
Craigslist, and flyer postings across the University of North Carolina at Chapel Hill campus. 
Possible participants were screened for eligibility through an online screening form. Eligibility 
criteria included: 1) aged 18-28 years, 2) body mass index between (BMI) 20.0 kg/m2 and 32.0 
kg/m2. Exclusion criteria were: 1) contraindications of MRI, such as metal implants, piercings 
that cannot be temporally removed, 2) current smoker, 3) self-report of a current or past 
diagnoses of an eating disorder, 4) chronic illness or medication requirement that could affect 
diet, 5) diagnosis of a major psychological condition, such as bipolar, schizophrenia, major 
affective disorder, and 6) allergy or intolerance to any study foods. Recruitment and retention 
are shown in Figure 3.1. 
Data collection occurred over a single 2.5-hour study assessment. Participants were 
instructed to fast for four hours prior to the start of their visit. Following completion of informed 
consent, participants completed measurements of height and weight, blood glucose, and 
hemoglobin A1C. Participants then completed a tablet-based N-back task, which measures 
working memory, and a series of questionnaires to measure eating behavior and reward and 
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punishment sensitivity. Roughly one hour prior to neuroimaging, participants completed a taste 
test to select beverage stimuli for the scan. During the taste test, participants were instructed to 
taste and rate 20mL samples of four sweet and four bitter beverages. The eight beverages were 
made from a base of water (940mL), unsweetened Kool-Aid® Cherry powder (4.5g) and simple 
syrup (60 mL). Additional simple syrup or a quinine solution were added to the beverages to 
create different levels of sweetness or bitterness. The composition of the beverages can be 
seen in Table 3.1. The beverages were calorically-matched with the addition of maltodextrin, a 
soluble, neutral-tasting carbohydrate powder. During the taste test, participants rated the 
beverages on pleasantness, desire to consume, sweetness, bitterness, and intensity on visual 
analog scales (VAS) anchored at -100 and 100. All sweet beverages were sampled in a random 
order, then participants ranked the beverages from most pleasant to least pleasant, with the 
highest ranked beverage selected as the reward for the probabilistic selection task. The same 
process was then completed with the bitter beverages, and the lowest ranked beverage was 
selected as the punishment.  
Table 3.1. Beverage Composition 
Flavor kcal1 Sugar (g)1 Quinine (mg)1 Maltodextrin (g)1 
Sweet 1 104.6 14.2 -- 20.9 
Sweet 2 105.4 21.2 -- 10.5 
Sweet 3 105.4 28.2 -- 5.3 
Sweet 4 105.4 35.1 -- 0.0 
Bitter 1 105.3 7.0 12.0 7.0 
Bitter 2 105.3 6.8 24.0 7.1 
Bitter 3 105.3 6.3 48.0 7.2 
Bitter 4 105.3 5.5 72.0 7.4 




After completing the taste test and questionnaires, participants were escorted to 
neuroimaging UNC’s Biomedical Research Imaging Center (BRIC) for neuroimaging. All 
neuroimaging data was collected on a Siemens Prisma 3T scanner (Siemens Medical Solutions, 
Munich, Germany). Following an anatomical scan, participants completed four runs of the 
appetitive probabilistic selection task (PST) during fMRI scans, then the scan concluded. After 
the scan, participants completed the appetitive PST posttest to assess conditioning. To 
conclude the visit, participants were debriefed and compensated.   
Figure 3.1: Consort Chart for Aims 1 and 2.  
 
Aim 3 
Data for aim 3 were collected as part of a broader study that examined the impact of 
obesity risk on brain response to anticipation and receipt of a palatable beverage, and the 
relation of brain response to prospective weight change in adolescents. Data were collected 
from July 2009 to May 2011 in Eugene, Oregon, USA. Participants were recruited through a 
number of methods including advertisements in local newspapers, postings on Craigslist, flyers 
posted in local schools, and word-of-mouth referrals. Participants were screened for eligibility by 
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research personnel via a phone interview. Eligibility criteria included 1) aged 14 to 17 years, 2) 
body mass index between (BMI) 18.0 kg/m2 and 25.0 kg/m2. Exclusion criteria were 1) current 
use of psychoactive medications or drugs more than weekly, 2) contraindication of MRI, such as  
pregnancy and recent head injury with a loss of consciousness, 3) significant cognitive 
impairment 4) any major medical problems such as Type I diabetes, and 5) diagnosis of current 
Axis I psychiatric disorder. For eligible participants, parental and participant consent was 
obtained before data collection. Recruitment data were not tracked during data collection, so a 
consort chart is not provided for this study.   
Data collection included two baseline assessments: 1) a behavioral assessment, and 2) 
a fMRI scan assessment. At the initial baseline behavioral assessment, participants completed 
metabolic and physiological measures including doubly-labelled water dosing and initial urine 
collection to measure energy expenditure, resting metabolic rate assessment, and body 
composition assessment using a Bod Podâ air displacement plethysmograph (CosMed, Rome, 
Italy). Participants also completed eating behavior questionnaires and an eating disorder 
interview. During the behavioral assessment, parents provided self-reported height and weight 
data for themselves and the adolescents other biological parent, and completed a measure of 
their child’s pubertal development. At the baseline scanning assessment, participants completed 
behavioral and fMRI measures of food reward and general reward abnormalities. Participants 
were asked to not eat anything after 4 hours before the baseline assessments to mimic a 
hunger level that is similar to just prior to a meal. Participants completed anatomical and 
functional scans on a Siemens Trio 3T scanner (Siemens Medical Solutions, Munich, Germany) 
at the Oregon Research Institute. Following the anatomical scan, participants completed five 
blocks of a taste administration task where they received tastes of a chocolate milkshake and 
tasteless control beverage designed to mimic the osmolarity of saliva. Participants rated the 
scan beverage stimuli on VAS scales for liking, palatability, and familiarity. The final baseline 
assessment occurred 2 weeks later, when participants returned to the lab to provide the second 
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doubly labeled water urine samples. Following baseline measures, participants completed 
annual assessments at 1-, 2-, and 3-year follow-ups. At each of the follow-ups, participants 
completed surveys, diagnostic interviews, and anthropometric and body composition 
measurements.  
Measures and Study Procedures  
Functional Magnetic Resonance Imaging 
In aims 1 and 3, functional magnetic resonance imaging (fMRI) is employed to examine 
brain response to food reinforcement learning in real time. FMRI, like other forms of nuclear 
magnetic resonance imaging, measures brain response by exploiting metabolic properties of the 
brain. The neuronal processes that underlie brain signal, including the release and reuptake of 
neurotransmitters and propagation of action potentials, require energy in the form of adenosine 
triphosphate (ATP). Neurons generate ATP through cellular respiration, the process through 
which glucose is metabolized to produce energy. Cellular respiration requires glucose and 
oxygen, so as neuronal activity increases, blood flow increases to bring metabolic substrates to 
upregulated neurons. Capitalizing on the different magnetic properties of oxygenated and 
deoxygenated blood, researchers developed a way to measure changes in gradients of 
oxygenated and deoxygenated blood in the brain, called blood oxygen level-dependent (BOLD) 
response. BOLD response identifies regions where change from oxygenated to deoxygenated 
blood is the strongest as a proxy for neuronal activity.135 This way to spatially capture brain 
response over time is at the core of fMRI.136    
FMRI images are acquired using a method called echo planar imaging (EPI). In EPI 
scans, slices of brain images are repeatedly collected over time, then reconstructed to make a 
4D data (3D BOLD response by time). FMRI’s frequent sampling allows researchers to examine 
how blood flow changes in response to stimuli or conditions. FMRI tasks, called paradigms, can 
probe how the brain responds to a wide variety of stimuli and manipulations, such as images, 
text, videos, sounds, tactile stimulations, scents, and tastes.137 Paradigms use these stimuli to 
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evoke a neural state of interest, or experimental condition, which can be compared to BOLD 
response recorded during a different state, or control condition. Comparison is done through 
creating contrasts, which tests for BOLD response that is significantly different in the 
experimental condition compared to the control condition. Contrasting the experimental 
condition greater than the control condition (experimental > control) identifies stronger activity in 
the experimental condition, while the reverse contrast shows activity that is weaker in the 
experimental condition. Selection of a proper control condition is critical to successfully identify 
brain response associated with the condition of interest. In taste neuroimaging, the control 
condition is typically administration of a non-caloric solution designed to mimic the osmolarity of 
saliva, called tasteless or neutral solution. Tasteless solution allows researchers to control for 
brain response to administration of a liquid without evoking response to flavor or calories.  
FMRI is incredibly powerful, but the method has key limitations. The first major limitation 
of fMRI is caused by the way MRI images are acquired. Because EPI images are rapidly 
acquired over time, various types of artifacts, especially motion, can impact the quality of MRI 
signal. Motion is especially problematic because it can be conflated with real signal, contributing 
to false-positives in the data.138,139 To protect against motion before/during scanning, 
participants are fit with padding around their head to reduce voluntary movement, and while 
scans are acquired, motion is closely monitored. Following scan acquisition, motion correction 
methods are employed during data analysis to further reduce the impact of motion on BOLD 
response. The statistical model to identify significant brain activity is based on the general linear 
model (GLM), so models can include “nuisance regressors” to account for and reduce the 
effects of motion. A threshold of 0.9mm of motion in any direction is used to identify timepoints 
with excessive motion, and then those timepoints can be regressed out of the model 
completely.140 Together, these efforts can address motion in functional neuroimaging data to 
reduce false effects.  
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Another limitation of fMRI is due to physiological properties of the BOLD response. 
BOLD signal is based on blood flow, but the hemodynamic response to any given stimuli lags 
about 5-7 seconds behind the event. This lag causes the temporal resolution of fMRI to be 
blurred. To counteract this limitation, paradigms can be run through optimization programs to 
optimize onset timing to maximize BOLD signal for each scan. This is done through adding a 
jitter, or variable length gap, between events so that different slices of the brain are captured 
over the course of events. In reconstruction of the slices, a jitter helps produce the best possible 
representation of BOLD response in the experimental condition of interest.141 Another way to 
account for lag in hemodynamic response is applied during preprocessing, the data cleaning 
steps prior to analysis. During preprocessing, the paradigm’s timing is convolved onto the 
hemodynamic response function to attempt to match the onset of stimuli to a curve modeling the 
BOLD response delay.141 It is critical that the timing of fMRI paradigms account for this delay in 
hemodynamic response.  
The final limitation of fMRI is centered around statistical power. In the past 5 years, the 
understanding of power in neuroimaging research has evolved significantly. Poorly powered 
studies have a much greater likelihood of producing false positives and their findings are often 
not replicable.142 The simplest way to increase power is to collect more data.143 This can be 
done by adding more subjects or more trials, depending on the question of interest. The 
samples presented in this dissertation include 85 and 154 participants (aims 1 and 3, 
respectively), representing some of the largest samples in ingestive behavior neuroimaging 
research.  
Appetitive Probabilistic Selection Task  
Aims 1 and 2 use data from a novel appetitive probabilistic selection task (PST), 
designed to assess response to feedback from a sweet reward beverage and a bitter 
punishment beverage. The PST was first introduced in 2004 by Frank et al. in a study testing 
the effect of dopamine agonist on PST performance in participants with and without Parkinson’s 
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disease.78 In the original study, participants completed an initial training where on any given 
trial, they were presented a pair of novel symbols (Japanese Kanji characters), and asked to 
choose one of the symbols. Following their choice, they were presented with “Correct!” or 
“Incorrect” as feedback. The feedback in the training was probabilistic – each symbol had a 
percent with which it was correct. For example, symbol A had an 80% likelihood of being 
correct. Symbol A was paired with symbol B, which was only 20% correct. There were two other 
pairs of symbols – the CD pair (70/30%) and the EF pair (60/40%). Participants completed 
training trials until they were able to accurately choose the higher probability symbol from the 
AB pair on 65% of trials. In the original paper, the average number of training trials was 200.78 
Following completion of the training, participants completed the posttest for the task. During the 
posttest, participants were presented with the same training symbols in novel combinations (e.g. 
symbol A paired with symbol C) in random sequence. Learning from positive and negative 
outcomes were assessed as the proportion of posttest trials where participants selected symbol 
A over other shapes and the proportion of posttest trials where participants avoid symbol B over 
other symbol, respectively.78 
In aims 1 and 2, participants completed a modified version of the PST to measure how 
participants learned from taste-based feedback (Figure 3.2). Three main modifications were 
made to the original PST task. First, in the original version of the task, written feedback was 
given to provide reinforcement. In the appetitive PST, feedback was given in the form of 3mL of 
sweet (reward) or bitter (punishment) taste to indicate if participants chose correctly. Tastes 




Figure 3.2. Appetitive Probabilistic Selection Task 
 
 
Tastes were delivered via programmable syringe pumps. Syringes filled with the sweet 
and bitter beverages and tasteless solution were connected via plastic tubing to a second set of 
tubing that fit into participants' mouths and delivered the taste similar to a straw. There was a 3-
7s (mean=5s) jitter between trials. Second, in the original PST, training was completed for a 
variable amount of trials, until participants reached a minimum accuracy criterion for each pair of 
shapes. In the appetitive PST, participants completed 104 training trials over four runs, each 6 
minutes and 44 seconds in length. Training was completed for a fixed number of trials to limit 
the impact of sensory specific satiety as participants consumed about 400mL of reinforcer 
beverages and tasteless neutral solution during the training. The length of the training was also 
limited because of the third major change to the PST: the training was completed during an 
fMRI scan. Neuroimaging adds constraints to the time available for participants to complete the 
training. As such, the number of trials was limited to the length of the scan window of 45 
minutes. Following the training phase during the fMRI scan, participants completed the posttest 
phase of the task outside of the scanner. During the test (Figure 2.2C), participants were 
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presented novel pairings of the shapes and asked to select the shape that is more likely to be 
“correct”. The pairings included one shape from the AB set (A: 80% correct, B: 20% correct), as 
this set is the most reliable predictor of positive/negative outcome. The proportion of trials in 
which that participant selects the A shape represented their sensitivity to reward, and the 
proportion of trials in which that participant avoids the B shape represented their sensitivity to 
punishment. 48 trials (24 with the A shape, 24 with the B shape) were presented.  
Appetitive Conditioning Taste Administration Paradigm 
Aim 3 uses data from an appetitive conditioning paradigm designed to examine brain 
response during cue-elicited anticipation of a palatable, chocolate milkshake and consumption 
of the milkshake (Figure 3.3). Cues were two images (a glass of milkshake and a glass of 
water) that signaled impending delivery of either 0.5 ml of milkshake or tasteless solution 
(respectively). On 40% of the trials the taste was not delivered following the cue to allow 
investigation of neural response to anticipation of a taste that was not paired with receipt of the 
taste (unpaired trials). However, no difference in response was observed between paired and 
unpaired milkshake and tasteless solution cues was observed in internal testing, paired and 
unpaired cues were combined for analyses to maximize statistical power. In total, there were 30 
events each of milkshake receipt and tasteless solution receipt, and 50 events each of the 
milkshake cue and the tasteless solution cue. Tastes were delivered using programmable 
syringe pumps. Syringes filled with milkshake and tasteless solution were connected via flexible 
plastic tubing to a manifold that fit into participants' mouths and delivered the taste to a 
consistent tongue segment. Participants were instructed when to swallow.  
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Figure 3.3: Food Reward fMRI Paradigm 
 
Functional Neuroimaging Analysis 
Aim 1 of the dissertation applies advanced methods for the identification of functional 
networks in the brain. These methods are discussed here.  
Functional Connectivity  
Standard GLM-based fMRI analyses show regions of BOLD response following a 
stimulus. The clusters identified from this approach are interpreted as independent, because the 
GLM model does not account for interactions between brain regions. However, research has 
established that cognition and behavior are not the result of independent activity across regions, 
but rather the product of connected brain response.144 Regions send information through 
pathways to coordinate and organize higher level function. Thus, to study how information flows 
through the brain, connectivity analyses can be applied. In functional neuroimaging, two models 
of connectivity predominate analyses: functional connectivity and effective connectivity.145 
Effective connectivity models causal structure in connected brain response, while functional 
connectivity does not assume any directionality in connected regions.145 Because effective 
connectivity requires a model of expected regional coupling, it is typically used for hypothesis 
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testing, while functional connectivity is more descriptive in nature. Functional connectivity 
analyses have the added benefit of application for prediction. Functional connectivity analyses 
can be applied to identify brain-connectivity signatures of disease states, or classify participants 
into groups.146 As such, applications of functional connectivity have rapidly increased in recent 
years.   
Functional connectivity is measured as pairwise correlations between brain regions over 
time.99 Before calculating functional connectivity, researchers must select a priori regions of 
interest (ROIs) to model connectivity between. In fMRI data where no stimuli are presented, 
called resting-state scans, functional connectivity can be modelled as correlations between 
unmodeled BOLD response in ROIs. However, to measure functional connectivity in task-based 
fMRI data, additionally processing is required to account for stimuli. Multiple approaches exist to 
account for task design in functional connectivity analyses, this work uses betaseries 
correlations to identify task-based connectivity.147 Betaseries correlations are calculated by 
modelling each trial in a task as a separate covariate. By modelling each trial separately, 
researchers can convolve data by the hemodynamic response function and also control for trial 
specific motion, reducing noise.148 This results in images containing  parameter estimates (or 
beta values) for BOLD response during one trial. A beta image is created for every trial in the 
task, then beta images of the same trial condition are concatenated to create a 4D betaseries. 
From that image, researchers can extract beta values within ROIs, representing the average 
amplitude of BOLD response in that region for each trial. The betaseries for ROIs are then 
correlated to examine pairwise connectivity or graph-theory measures of network structure 
(Figure 3.4).  
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Figure 3.4: Betaseries Connectivity and Network Analyses 
 
Graph Theory Network Analysis 
Networks in the brain have long been examined using animal model methods, such as 
neuronal tracing, but advances in statistical techniques have allowed researched to examine 
intrinsic brain networks in humans using fMRI. Functional network analyses are founded in 
graph theory, a discipline of mathematics that examines the properties of graphs made from 
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sets of nodes and edges.149 In graph theory applications to neuroimaging, brain regions are 
treated as nodes and their functional correlations are treated as edges.149 Graph theory analysis 
can describe network structure using a wide number of metrics. Some key metrics for our 
investigation are presented in Table 3.2.  
Table 3.2. Graph Characteristics and Metrics 
Characteristic Description Metric Calculation 
Modularity How a network separated into subnetworks/modules Modularity 
Maximization of the density of 
in module connections. 
Segregation How separate a node is from the rest of the graph 
Clustering 
Coefficient 
The number of triads 
compared to possible triads 
Integration 
How well connected a node is 




The ratio of in-community 
connections to out-community 
connections 
Hubness How central a node is across the whole graph 
Betweenness 
Centrality 
The number of shortest paths 
between nodes that travel 
through that node 
 
In brief, the first metric we examined was modularity, which identifies densely connected 
modules (also called subnetworks or communities) that theoretically perform specialized 
function.104 How ROIs organize into modules can provide information about subprocesses that 
underlie response to stimuli. Additional metrics including integration, segregation and hubness 
can be used to further characterize modules or ROIs in the network. Integration is the ratio of 
how well connected an ROI is to regions outside its module versus regions in the same module. 
Conversely, segregation measures how densely connected a ROI is to other regions in the 
same module. The balance of integration and segregation in networks is critical for efficient 
processing that still allows for broader informational relay across the network.150 Finally, 
hubness measures how central a ROI is within the whole of the network. Hubs represent key 
relay points for informational flow through the brain. By characterizing networks during 
conditions of interest, researchers can generate unique information about how regions of the 












Reinforcement learning guides food decisions, yet how the brain learns from taste in 
humans is not fully understood. Existing research examines reinforcement learning from taste 
using passive condition paradigms, but response-dependent instrumental conditioning may 
better reflect natural eating behavior. Here, we examined brain response during a taste-
motivated reinforcement learning task and how measures of task-based network structure were 
related to behavioral outcomes. During a functional neuroimaging scan, 85 participants 
completed a probabilistic selection task where reinforcement was delivered as a sweet, reward 
beverage, or a bitter, punishment beverage. Whole brain response and functional network 
topology measures, including identification of communities and community integration, 
segregation, and hubness, were examined during choice, reward, and punishment conditions. 
During choice, we found robust whole brain response in the visual cortex, temporal gyrus, and 
motor cortex, and that regions of interest in the intracalcarine cortex and fusiform gyrus were 
organized into communities with the medial orbitofrontal cortex. Relative to the bitter taste, 
sweet taste was associated with increased whole brain response in the hippocampus, oral 
somatosensory cortex, and orbitofrontal cortex. Sweet taste was also related to differential 
community assignment of the ventromedial prefrontal cortex and ventrolateral prefrontal cortex. 
Lastly, during choice, increasing segregation of a community containing the amygdala, 
hippocampus, and right fusiform gyrus was associated with increased sensitivity to punishment 
on the task’s posttest. Together, results provide insight into how networks in the brain guide 
 
 33 
decision-making and response to reinforcement on a response-dependent, taste-motivated 
conditioning task.  
Introduction 
Overweight and obesity affects over two thirds of American adults,151 making it a major 
preventable risk factor for a number of diseases including type 2 diabetes,152–154 certain types of 
cancer,30,155 and cardiovascular disease.2,156,157 A variety of individual, social, and environmental 
factors contribute to the development of overweight and obesity, but eating behavior is 
considered a key point of study for understanding the etiology of obesity.8 At its core, eating 
behavior is made up of all the food choice we make over time. When making a choice about 
what to eat, information from internal states,11 food preferences,46 dietary goals,158 and the 
environment159,160 are integrated in the brain, which selects the best action to perform a 
motivated action (e.g. satiating hunger, satisfying a craving, or following a diet). These decisions 
are represented by increased brain response in regions across the prefrontal and cingulate 
cortices,161 including the medial orbitofrontal cortex (mOFC), which encodes the value of an 
outcome;162 the anterior cingulate cortex (ACC), a region that assesses the cost of actions;163 
the ventromedial prefrontal cortex (vmPFC), which weighs the value of an outcome against the 
costs associated with the action to assign overall value to actions;164,165 and the dorsolateral 
prefrontal cortex (dlPFC), a region that modulates computations.165  
Once a choice is made, consuming the food selected provides initial information about 
the reinforcing properties of foods via the generation of flavor perceptions, which vary from 
delicious to disgusting. Sweetness, which indicates the potential presence of energy, is 
generally found to increase pleasantness, whereas bitterness, indicates the potential presence 
a toxin and, at least initially, promotes dislike. Both sweet and bitter taste therefore serve as 
important sensory signals to promote or prevent future consummatory behavior.166 Post-oral 
signals are generated following consumption and update acceptability based on beneficial or 
adverse ingestive consequences.161 This process of repeated food choice, consumption, and 
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reinforcement can be operationalized as instrumental conditioning.98 Following the instrumental 
conditioning framework: individuals learn to associate a cue (food image or logo) with a given 
response (e.g. choosing or avoiding the food), and the subsequent reinforcement from 
consuming the food. In the brain, this process recruits aforementioned decision-making regions, 
and integrates signal from areas involved in motivation and taste processing.161 Neural 
response to taste is well characterized - palatable taste evokes response in the striatum, insula, 
dorsal ACC, OFC, and amygdala,167,168 while bitter taste also activate the OFC and 
amygdala.169,170  
Standard analyses of functional neuroimaging data provide information about how blood 
oxygen level dependent (BOLD) response in the brain changes in response to a given stimulus, 
but does not capture how areas the brain interact in response to the stimulus. Cognition and 
behavior are the product of a coordinated flow of information between brain areas, and network-
based approached provide important detail on the functional organization of the brain during 
response to a stimulus. Network based approaches are founded in functional connectivity, 
which characterizes how activity in brain regions correlate over time.99 Functional connectivity is 
undirected, and can exists between spatially distinct regions, theoretically reflecting 
synchronous response. Functional connectivity is increased between the ventral striatum, 
insula, amygdala and hippocampus during reinforcement via monetary gain.103 In response to a 
palatable taste reinforcer, functional connectivity of the OFC and insula is increased.171 
Network-based analyses of brain response apply graph-theory to functional connectivity and 
provide important information about the architecture of brain networks. Regions of the brain are 
treated as “nodes” of a graph and the functional connectivity as “edges.”100 Metrics include the 
organization of brain regions into functional subnetworks that are theorized to perform 
specialized task (modularity); the density of connections of a region and its neighbors 
(segregation); the centrality of a region in paths between other area (hubness), and the ratio of 
with-community connections to out-community connections (integration) (Figure 4.1).104  During 
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reinforcement and motor learning, the communities reorganize, such that the communities 
become more segregated with learning.107,172 Network organization of the basal ganglia is 
particularly important in this process.173 To date, brain network organization during food 
reinforcement has not been probed.  
Figure 4.1: Graph Theory Measures of Functional Network Organization 
 
 
The extant studies on brain response during food reinforcement primarily use passive, 
classical conditioning tasks, where no choice is involved. Classical conditioning and 
instrumental conditioning via secondary reinforcers are associated with differences in BOLD 
response,174 so it stands to reason that brain response during taste-mediated instrumental 
conditioning may diverge from prior response to passive conditioning tasks. To fill these gaps, 
this study tested brain response during instrumental conditioning with a taste reinforcer. We 
adapted a canonical probabilistic learning task, which measures learning from reward and 
punishment,78 by using beverages as reinforcement. The primary aim of the study was to 
identify whole brain response and explore network organization using a regions of interest (ROI) 
based analysis during the task, specifically in the choice, sweet taste, and bitter taste 
conditions. We hypothesized that choice would be associated with BOLD response in the 
medial OFC, vmPFC, and dlPFC, that sweet taste would be associated with response in the 
insula, dorsal ACC, OFC, and amygdala response, and bitter taste would be associated with 
response in the OFC and amygdala. For network analyses, we hypothesized that choice will be 
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associated with a fewer number of communities than reward and punishment, reflecting more 
synchronization across the brain during choice. In addition to these aims, we also tested if 
measures of network segregation, hubness, and integration were connected to behavioral 
outcomes including task performance and preference ratings of the sweet and bitter beverages. 
We hypothesized that increased community segregation across conditions would be associated 
with improved task performance as measured by posttest accuracy.   
Methods 
Sample 
Ninety (n=90) male and female participants were recruited from the Chapel Hill, North 
Carolina area to complete a cross sectional study. Eligibility criteria included: 1) age 18-28 
years, 2) body mass index between (BMI) 20.0 kg/m2 and 32.0 kg/m2. Exclusion criteria were: 1) 
contraindications of MRI (e.g. metal implants, piercings, pregnancy), 2) current smoking, 3) self-
reported current or past diagnoses of an eating disorder, 4) chronic illness or medication 
requirement that could affect diet, 5) diagnosis of a major psychological condition (bipolar, 
schizophrenia, major affective disorder), and 6) allergy or intolerance to any study foods. The 
Institutional Review Board of the University of North Carolina at Chapel Hill approved all 
methods and study participants gave written consent before the start of testing. For this 
analysis, three (n=3) participants who ended scanning early and two (n=2) participants who had 
<29 trials (representing 56% of possible trials) of reward or punishment were excluded. The 
resulting analytic sample was n=85 participants.  
Measures 
Participants completed all measures in a 2.5 hour visit at the University of North Carolina 
at Chapel Hill’s Gillings School of Global Public Health and Biomedical Research Imaging 
Center (BRIC).  
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Anthropometrics & Demographics 
Height (to the nearest 0.5 cm) and weight (to the nearest 0.1 kg) were measured with a 
wall-mounted stadiometer and a calibrated scale by trained research staff. BMI was calculated 
as kg/m2. Demographics including age, race, and ethnicity were assessed via self-report.  
Beverages and Preference Assessment 
Beverages used in the instrumental conditioning task as reward and punishment were 
selected based on participant ratings via a taste test. During the taste test, participants were 
instructed to taste and rate 20mL samples of 4 sweet and 4 bitter beverages. The eight 
beverages were made from a base of water (940mL), unsweetened Kool-Aid® Cherry powder 
(4.5g) and simple syrup (60 mL). Simple syrup or a quinine solution were added to the 
beverages to create different levels of sweetness or bitterness. The composition of the 
beverages can be seen in Table 4.1. The beverages were calorically-matched with the addition 
of maltodextrin, a soluble, neutral-tasting carbohydrate powder. Levels of sweetness and 
bitterness were selected from previous studies of taste preference175. Beverages were rated in 
pleasantness, desire to consume, sweetness, bitterness and intensity on VAS anchored at -100 
and 100. All sweet beverages were sampled in a random order, then participants ranked the 
beverages from most pleasant to least pleasant, with the highest ranked beverage selected as 
the reward for the probabilistic selection task (see 2.2.4). The same process was then 















Sweet 1 104.6 14.2 -- 20.9 11 (12.9%) 
Sweet 2 105.4 21.2 -- 10.5 17 (20.0%) 
Sweet 3 105.4 28.2 -- 5.3 20 (23.5%) 
Sweet 4 105.4 35.1 -- 0.0 37 (43.5%) 
Bitter 1 105.3 7.0 12.0 7.0 5 (5.9%) 
Bitter 2 105.3 6.8 24.0 7.1 11 (12.9%) 
Bitter 3 105.3 6.3 48.0 7.2 19 (22.4% 
Bitter 4 105.3 5.5 72.0 7.4 50 (58.8%) 
1Values reported for 300mL portion of each beverage  
 
Neuroimaging Methods  
Anatomical and functional imaging data were collected in a Siemens Prisma 3T scanner 
(Siemens Medical Solutions, Munich, Germany) at UNC’s Biomedical Research Imaging Center 
(BRIC). Visual stimuli were presented with a digital projector/reverse screen display system. 
Tastants were delivered using programmable syringe pumps (Braintree Scientific BS-8000, 
Brain-Tree, MA) operated through a program written in PsychoPy,176 to ensure consistent 
volume, rate, and timing of taste delivery. A set of tubing attached to the scanner bed was 
placed into the participants' mouths and delivered the tastes. Button press response was 
collected via a 5-button response pad (Current Designs Pyka Response Pad, Philadelphia, PA) 
held in the participant’s right hand. Blood-oxygen-level-dependent (BOLD) signal was collected 
during functional runs under the following scanning parameters: TR = 2000ms, TE = 20ms, flip 
angle = 80°, with a spatial resolution of 3.0mm. Images were collected with whole-brain 
coverage; 32 4mm slices (interleaved acquisition) were acquired along the AC-PC transverse, 
oblique plane as determined by the midsagittal section. Anatomical scans were acquired with a 
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TR/TE of 2100ms/2.4ms, flip angle of 15°, TI of 1100ms, matrix size of 256x256, FOV of 22cm, 
and slice thickness of 1mm.  
Probabilistic Selection Task  
Participants completed a modified, taste-based version of the Probabilistic Selection 
Task,78 measuring response to reward and punishment. The task was composed of training and 
posttest phases. In the training phase, participants were presented with pairs of novel shapes, 
and asked to select the “correct” shape to receive a reward. Participants were instructed that 
when they chose “incorrectly”, they would receive a punishment taste. Feedback was 
probabilistic; each shape was reinforced at a prespecified probability. Three pairs were 
presented during the scan: 1) AB pair (A: 80% correct; B: 20% correct); 2) CD pair (C: 70% 
correct, D: 30% correct); 3) EF pair (E: 60% correct, F: 40% correct). Pairs were presented in a 
random, intermixed order. Reward and punishment feedback was given in the form of 3mL of 
sweet (correct) or bitter (incorrect) taste. Tastes were delivered over 5 seconds in the absence 
of any visual stimuli then followed by a 1mL rinse of a tasteless solution made to mimic the taste 
of saliva, delivered over 2 seconds. The next trial proceeded following a 3-7 second jitter. In 
total, participants completed 104 training trials over four runs, each 6 minutes and 44 seconds in 
length. Following the training phase during the fMRI scan, participants completed the posttest 
phase of the task outside of the scanner. During the posttest, participants were presented with 
one shape from the AB set (A: 80% correct, B: 20% correct) paired with shapes from the other 
two sets and asked to select the shape that is more likely to be “correct”. Learning was 
assessed as the proportion of trials in which that participant selects the A shape (%sensitivity to 
reward), and the proportion of trials in which that participant avoids the B shape (%sensitivity to 
punishment).  
FMRI Preprocessing 
Neuroimaging data were preprocessed using the fMRIPrep pipeline.177 In brief, DICOMS 
were converted to the Brain Imaging Data Structure (BIDS file structure),178 then preprocessed 
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using fMRIPrep. FMRIPrep preprocessing included skull stripping using Advanced 
Normalization Tools (ANTs); tissue segmentation using FSL’s Automated Segmentation Tool 
(FAST); and spatial normalization to Montreal Neurological Institute (MNI) 152-Asymmetrical 
space using ANTs’ registration option. FreeSurfer was used to reconstruct surfaces from 
structural images. Functional images were then motion corrected using FSL’s MCFLIRT, 
corrected for fieldmap distortion, and spatially smoothed using a 6mm Gaussian full width half 
maximum isotropic kernel. In FSL, final preprocessing included adjusting for autocorrelation and 
highpass filtering and adjusting for nuisance regressors, including the 6 motion parameters, 
their derivatives, and high motion time points (>0.9). 
FMRI Group-Level Main Effects Analysis 
Neuroimaging analyses were primarily completed in FSL (FMRIB Software Library, 
www.fmrib.ox.ac.uk/fsl) Individual and group level analyses were carried out in FSL’s FMRI 
Expert Analysis Tool (FEAT).179,180 At the individual level, within subject models assessed brain 
response to 1) choice via button press > baseline; 2) reward via sweet taste > rinse; and 3) 
punishment via bitter taste > rinse. Individual level contrasts also included reward > punishment; 
and punishment > reward. Motion parameters were included as nuisance regressors at the 
individual level.  
At the group level, the analysis followed a one sample F-test model to identify whole 
brain response that was significantly different within the full sample. Main effect models were 
examined for the following contrasts: 1) choice > baseline; 2) reward > rinse; 3) punishment > 
rinse; 4) reward > punishment; and 5) punishment > reward. Multiple comparisons were 
controlled for by using the threshold free cluster enhancement, nonparametric thresholding 
algorithm in FSL’s Randomise (n permutations = 5000) resulting in a family-wise error rate 
corrected significance threshold of pFWE < 0.05.181 Localization of significant clusters were 
determined using Mango’s MNI atlas tool.  
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Betaseries and Functional Connectivity 
A betaseries regression analysis was used to measure condition-specific functional 
connectivity in the sample.182 In each participant’s preprocessed data, separate GLMs were set 
with a regressors modeling each event and another regressor modeling all other events of the 
same condition to derive condition-wise whole brain beta values for each event.148 Conditions 
included: 1) choice and button press; 2) reward; 3) punishment. The resulting beta images were 
concatenated by condition and run, producing a timeseries of beta values, or betaseries for 
each condition and for each participant. Then, average signal was extracted from each 
participant’s betaseries in 28 regions of interest (ROIs) drawn from the Big Brain 300 
parcellation, a functional parcellation based on the Power atlas,183 with improved coverage of 
subcortical regions.184 ROIs were selected based on regions reported  as responsive to taste 
stimuli, taste administration, and reinforcement learning18,24,84,185,186 (Table 4.4). The resulting 
betaseries arrays represented average parameter estimates in each ROI for each event in a 
given condition. Matrices were the same size (28 x 104) in the choice condition. Because 
reinforcement varied, reward and punishment matrices varied in length from 28 x 29 to 28 x 64. 
Betaseries correlation matrices for the 28 ROIs were extracted, resulting in 28 x 28 betaseries 
connectivity matrix for each condition, for each participant. For methods and results of 
significance testing of functional connectivity (ROI – ROI correlation), see Appendix A.   
Graph Construction & Parameters.  
To examine network topology during choice, reward, and punishment, betaseries 
correlation were used as the basis of network graphs. The 28 ROIs were treated as nodes, and 
correlations between ROIs were treated as graph edges. For graph analysis, only positive 
correlations were included, since network topology measures are not optimized for negative 
correlations.187 To generate graphs, participants’ correlation matrices were fed into ‘networkX’ 
package (version 2.3)188 and ‘bctpy’ package (version 0.5.1, https://pypi.org/project/bctpy/), 
implemented in Jupyter Notebook,189 running Python 3.7.5 (Python Software Foundation).  
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Within each participant’s graph, modularity, or the degree to which the network may be 
subdivided into such clearly delineated groups called communities, was calculated using the 
Louvain algorithm190 ‘python-louvain’ package (version 0.13). Modularity was calculated on the 
median graph, rather than the mean graph, to account for skewness. Then the median graph 
was partitioned into the identified communities, and the weighted edges between communities 
were calculated to examine the connectivity between communities.  
 Graph parameters were also computed for each node within participant’s graphs, then 
metrics were averaged across all nodes in the communities identified at the group level, 
producing average community parameters for networks associated with choice, reward, and 
punishment. Three parameters were calculated: (1) Weighted clustering coefficient, or the 
geometric average of the subgraph edge weights, was used to assess segregation via 
networkX’s ‘cluster’ algorithm:  
𝑐" =	
1






where the edge weights 𝑤0"1 are normalized by the maximum weight in the network 𝑤0"1 =
𝑤0"1/max	(𝑤) 191. Higher clustering coefficient values suggest greater separation of a node from 
nodes outside its module. Community hubness was represented by weighted betweenness 
centrality, or the fraction of all shortest paths in the network that contain a given node, and 
calculated using via networkX’s ‘betweenness_centrality’ algorithm:  





where 𝑉 is the set of nodes, 𝜎(𝑠, 𝑡) is the number of shortest (𝑠, 𝑡)-paths, and 𝜎(𝑠, 𝑡|𝑣) is the 
number of those paths passing through some node 𝑣 other than (𝑠, 𝑡).192 Higher betweenness 
centrality suggests increased participation in paths between other nodes, and higher hubness. 
Participation coefficient, or the ratio of within-community connections compared to between-
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community connections, measures how integrated a node is within its community and the 
network. Participation coefficient was calculated using bctpy’s ‘participation_coef’ algorithm: 







Where 𝑘G,J denotes the within module degree, or the number of connections between 
node 𝑖 and other nodes within module 𝑚, and QR,S
QR
 indicates the ratio of connections a node has 
within its own module. Participation coefficients closer to 1 are indicative of greater within-
community connectivity, while participation coefficients closer to 0 represent greater between 
community connectivity.  
 For each participant’s graph, clustering coefficient, betweenness centrality, and 
participation coefficient was calculated at the node level, then averaged across communities. All 
analyses were performed in non-thresholded, weighted graphs. To visualize modularity and 
nodal connectivity results, a mean graph of all conditions was created, then thresholded at the 
average edge strength (> 0.30) to display strongest edges.  
Behavioral Analysis  
Statistical analyses of behavioral task and demographic data were carried out using the 
R statistical software package (version 3.5.1, R Foundation for Statistical Computing, Vienna, 
Austria). PST task performance was summarized by accuracy over time. The percent of AB 
trials where A was selected, the percent of CD trials where C was selected, and the percent of 
EF trials where E was selected were calculated over the 4 training blocks. Repeated measures 
ANOVA was implemented using the ‘lme4’ package (v 1.1) to test for significant change in task 
performance by pair over runs, accounting for intra-individual correlation.  
We tested for associations between community metrics (segregation, integration, and 
hubness) and behavioral outcomes including stimuli ratings, the level of sweetness/bitterness 
and posttest performance. Tests included Pearson's product-moment correlation for continuous 
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measures (pleasantness and desire VAS ratings, posttest sensitivity to reward, posttest 
sensitivity to punishment) and one-way analysis of variance (ANOVA) for categorical measures 
(sweetness of reward selected and bitterness of punishment selected). Significance was 
considered at multiple-comparisons corrected p-value threshold < 0.008.  
Results 
Participant Characteristics 
Participants characteristics and performance on the instrumental conditioning task are 
summarized in Table 4.2. The sample was primarily young, adults at a normal weight. The 
majority of participants identified as white and non-Hispanic. Just over half of the participants 
identified as women. Out of the 104 training trials in the modified Probabilistic Selection Task, 
participants responded to receive reinforcement on an average of 98.1 ± 5.6 trials. About half of 
those trials were reinforced with the reward (sweet taste, mean = 49.8 ± 6.0 trials), while 
participants also received a high number of punishment reinforcers (bitter taste, mean = 48.4 ± 
5.7 trials). On the PST posttest, participants chose shape A on 51.0 ± 11.0% of trials, 
representing their %sensitivity to reward. Participants avoided shape B on 51.0 ± 9.0% of trials, 
representing their %sensitivity to punishment. The correlation between %sensitivity to reward 






Table 4.2: Participant Characteristics and Task Performance (n=85) 
 Mean ± SD Min - Max 
Age (years) 21.5 ± 2.4 18 - 28 
BMI (kg/m2) 24.7 ± 3.2 19.6 - 33.1 
Sex Count Percent 
     Male 42 49.4% 
     Female 43 50.6% 
Race     
     Black or African American 4 4.7% 
     Asian or Pacific Islander 19 22.4% 
     White 51 60.0% 
     Middle Eastern 2 2.4% 
     More than one race 5 5.9% 
     Other or chose not to report 4 4.7% 
Ethnicity     
     Hispanic 10 11.8% 
     Non-Hispanic 75 88.2% 
PST Performance Mean ± SD Min - Max 
Training Rewards (n) 49.8 ± 6.0 29 - 63 
Training Punishments (n) 48.4 ± 5.7 31 - 64 
Posttest Sensitivity to Reward 51% ± 10.6% 29.2% - 75.0% 
Posttest Sensitivity to 
Punishment 
50.8% ± 9.3% 29.4% - 83.3% 
 
Whole-brain response during choice, reward, and punishment 
We observed robust main effects during choice via button press; reward via sweet taste; 
and punishment via bitter taste. During choice via button press, BOLD response was observed 
across the occipital cortex and temporal lobe, insula, primary motor cortex, as well as anterior 
cingulate cortex, and orbitofrontal cortex (Table 4.3; Figure 4.2A). In response to reward (sweet 
taste contrasted against rinse), response was found across a number of regions including peaks 
in the temporal lobe and hippocampus, lateral occipital cortex, and frontal pole, in addition to 
response in the insula, precuneus, thalamus, left dorsolateral prefrontal cortex, amygdala, and 
oral somatosensory cortex (Table 4.3; Figure 4.2B). In response to punishment (bitter taste 
contrasted against rinse), a similar pattern of response to reward was found, with peaks in the 
thalamus, oral somatosensory cortex, and anterior cingulate (Table 4.3; Figure 4.2C). When 
comparing whole-brain response to reward contrasted against punishment (sweet taste > bitter 
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taste), robust response extended into regions that traditionally respond to rewarding food 
stimuli, including response in the oral somatosensory cortex, precuneus, and orbitofrontal cortex 
(Figure 4.2D). Reward was also associated with greater response in the hippocampus, dorsal 
anterior cingulate cortex, and caudate. Conversely, punishment contrasted against reward 





Table 4.3. Significant BOLD Response to Cues and Reinforcement 
Contrast & Regions k1 Z pFWE1 X2 Y Z 
Choice > Rest     
 
Occipital cortex and temporal lobe 
(bilateral)  11594 11.3 <0.001 33 -48 -18 
 Precentral gyrus (bilateral) 1268 9.3 <0.001 0 15 48 
 Insula (R)  839 9.3 <0.001 33 27 3 
 Caudate (L)  144 6.8 <0.001 -9 6 3 
 Caudate (R) 121 6.4 <0.001 9 9 6 
 Supramarginal Gyrus (R) 94 5.1 <0.001 60 -42 18 
 Middle Temporal Gyrus (L)  57 5.1 <0.001 -54 -54 12 
 Middle Frontal Gyrus (R) 30 4.4 0.006 45 27 24 
Reward (Sweet Taste) > Rinse 
 Temporal lobe and hippocampus (L) 10032 7.6 <0.001 -30 -36 -9 
 Lateral occipital cortex (L) 152 4.4 <0.001 -54 -72 33 
 Frontal Pole (L) 149 4.5 0.011 -15 63 33 
 Frontal Pole (R) 30 4.9 0.020 6 60 45 
Punishment (Bitter Taste) > Rinse 
 Thalamus (L) 5103 7.0 <0.001 -3 -18 0 
 Oral Somatosensory cortex (L)  2065 6.3 <0.001 -21 -33 66 
 Anterior cingulate (L)  230 5.3 0.042 -6 39 -6 
 
Superior frontal gyrus and 
paracingulate gyrus (L) 129 5.2 0.009 -9 12 51 
Reward (Sweet Taste) > Punishment (Bitter Taste) 
 Hippocampus (L)  10132 6.4 <0.001 -30 -18 -15 
 Oral somatosensory cortex (R)  99 5.0 <0.001 54 -6 30 
 Precentral Gyrus (L)  66 4.4 0.013 -3 -30 78 
 Orbitofrontal Cortex (R)  39 4.5 <0.001 42 33 -18 
Punishment (Bitter Taste) > Reward (Sweet Taste) 
 Paracingulate Gyrus  244 5.7 0.029 6 12 48 
1 P values and cluster size (k) were calculated with FSL Randomise threshold free cluster 
enhancement and cluster respectively; 2 Peak coordinates are in MNI space (mm)  
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Network Organization during Choice, Reward, and Punishment 
During the choice contrast, ROIs organized into seven communities (Table 4.4, Figure 
4.3). Edge weight (𝑤), representing the connectivity between communities, was the highest 
between community 2 (dorsal striatum, pre/postcentral gyrus, ventromedial PFC, and 
ventrolateral PFC) with community 1 (amygdala, hippocampus, and fusiform gyrus (left); 𝑤 = 
8.53), community 3 (medial OFC, intracalcarine cortex, fusiform gyrus (right);	𝑤 = 8.82) and 
community 4 (insula and thalamus;	𝑤 = 9.77). During reward, ROIs organized into eight 
communities (Table 4.4, Figure 4.3). Edge weights were the highest between community 2 
(dorsal striatum and pre/postcentral gyrus) and community 5 (insula and thalamus; 𝑤 = 5.74) 
and community 6 (ventromedial PFC; 𝑤 = 5.41). During punishment, ROIs organized into seven 
communities. During punishment, Edge weights were the highest between community 2 (dorsal 
striatum, pre/postcentral gyrus, ventromedial PFC, and ventrolateral PFC) and community 5 
(insula and thalamus; 𝑤 = 8.29) and community 6 (precuneus; 𝑤 = 9.58). Overall, community 
allegiance in punishment was similar to reward. However, the ventromedial PFC and 
ventrolateral PFC were assigned to distinct communities during reward, while during 
punishment, the ROIs were assigned to community 2 (Table 4.4, Figure 4.3). 
Association of Community Segregation, Integration, and Hubness with Behavioral Outcomes.  
Segregation of community 1 during choice (amygdala, dorsal striatum, fusiform gyrus) 
was significantly associated with sensitivity to punishment as assessed on the probabilistic 
selection task posttest (r = 0.289, t = 2.73, df = 82, p = 0.0077, Figure 4.4). Measures of 
community segregation, integration, or hubness during reward and punishment did not relate to 
task performance (sensitivity to punishment or sensitivity to reward) or reinforcer characteristics 
(ratings of pleasantness and desire to consume, sugar content, or quinine added) (p’s: 0.016 – 
0.99).   
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Table 4.4: Module Graph Parameters between Choice and Reinforcement 
 
Coordinates 




Assignment Region x y z Choice Reward Punishment 
Amygdala (L) -20 -2 -22 1 1 1 - 
Amygdala (R) 20 -2 -23 1 1 1 - 
Dorsal striatum (L) -12 17 -4 2 2 2 - 
Dorsal striatum (R)  13 17 -5 2 2 2 - 
Fusiform gyrus (L) -33 -37 -16 1 3 3 Choice 
Fusiform gyrus (R)  27 -60 -8 3 4 4 Choice 
Hippocampus (L) -26 -12 -22 1 1 1 - 
Hippocampus (R)  25 -11 -23 1 1 1 - 
Insula (L) -36 2 4 5 5 5 - 
Insula (R)  38 10 4 5 5 5 - 
Intracalcarine cortex 
(L) -8 -79 7 3 4 4 Choice 
Intracalcarine cortex 
(R)  5 -78 7 3 4 4 Choice 
Lateral OFC (L) -30 20 -20 4 4 4 - 
Lateral OFC (R)  30 20 -18 4 4 4 - 
Medial OFC (L) -14 19 -19 3 3 3 - 
Medial OFC (R)  14 16 -17 3 3 3 - 
Pre/postcentral gyrus 
(L) -42 -17 53 2 2 2 - 
Pre/postcentral gyrus 
(R) 40 -20 53 2 2 2 - 
Precuneus (L) -7 -59 26 6 6 6 - 
Precuneus (R)  13 -62 28 6 6 6 - 
Thalamus (L) -14 -20 0 5 5 5 - 
Thalamus (R)  14 -20 0 5 5 5 - 
Ventral striatum (L) -10 17 7 7 7 7 - 
Ventral striatum (R)  10 16 7 7 7 7 - 
Ventrolateral PFC (L) -42 46 -1 2 8 2 Reward 
Ventrolateral PFC (R)  43 48 -6 2 8 2 Reward 
Ventromedial PFC (L) -5 43 -8 2 6 2 Reward 
Ventromedial PFC (R)  6 42 -4 2 6 2 Reward 
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Figure 4.4: Segregation of Community 1 during choice is positively associated with posttest 




Reinforcement learning via food reward and punishment is the foundation of dietary 
choice, yet few studies have examined how the brain responds to taste reinforcers using a 
response-dependent task. Here, 85 healthy, young adults completed an instrumental 
conditioning task78 to assess whole-brain response and network organization during choice, 
reward via sweet taste, and punishment via bitter taste. We found robust whole brain response 
to the task. During choice (via a button press), BOLD response was observed in the occipital 
cortex (primary visual cortex), temporal lobe (language processing and memory), the precentral 
gyrus (motor response), the insula (perception) and caudate (learning and feedback 
processing). Sweet taste receipt and bitter taste receipt were associated with similar patterns of 
BOLD response, including response in regions traditionally involved in gustatory sensation and 
processing including the insula, precuneus, OFC, and oral somatosensory cortex. When 
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examining network organization during choice, reward, and punishment, we found that the 
community structure of brain regions were different across conditions, with the greatest 
differences between network organization during choice and organization in reward and 
punishment. During choice, ROIs in the fusiform gyrus, insula, lateral OFC, and thalamus all 
organized into different communities compared to the reward and punishment networks. 
Between reward and punishment, community organization was similar, with the exception of the 
ventrolateral PFC and ventromedial PFC separating into different communities during reward.  
Additionally, we found that individual differences in segregation of a community comprising the 
amygdala, hippocampus, and left fusiform gyrus during choice were associated with sensitivity 
to punishment, as measured on the PST posttest. Together, these results suggest that choice 
and reinforcement via reward and punishment are associated with distinct patterns of brain 
response and network organization, and that segregation of communities during choice may 
relate to improved avoidance of punishment after learning.  
Decision-making via a button press requires coordination of a variety cognitive systems 
including: visual processing, motor response, working memory, and prediction.193 During the 
choice period, including a button press in response to the question “which [shape] is correct’, 
BOLD response was found in regions relating to these systems. BOLD response in the visual 
cortex, precentral gyrus, posterior temporal lobe, hippocampus and caudate, may relate to 
visual processing, motor response, language processing,194 working memory,195,196 and 
reinforcer expectations respectively.131,197 While not all hypothesized regions showed response 
during choice, the observed response fits within the current model of instrumental-response in 
the brain.198 Extant research on brain response to taste shows patterns of response to palatable 
(high sugar and high fat) tastes consistent with brain response to the sweet, reward beverage 
found here.20,169,199 When reward was compared to punishment, we observed greater BOLD 
response in the precuneus, oral somatosensory cortex, and OFC, regions that all show 
response to palatable tastes compared to a neutral solution.200 Additionally, greater response in 
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caudate was observed, similar to other studies of palatable taste.201–203 These results add 
further evidence to support brain response to palatable taste in the describe regions. When 
compared to reward, punishment was associated with greater response in the dorsal anterior 
cingulate cortex (dACC). This result was unexpected, as we hypothesized that punishment 
would be related to BOLD response in the OFC and amygdala. The dACC is thought to connect 
midbrain motivational areas to prefrontal control regions,204 and acts as a ‘controller’, integral for 
reward based decision making205,206 and adaptation.207 Given its role in updating response, 
dACC response during punishment may reflect an update to expectations following the bitter, 
aversive taste. 
In addition to whole brain response, network-based approaches were applied to 
characterize how response in a set of 28 a priori ROIs interact to during choice, reward, and 
punishment. The brain is a complex system, and network approaches provide unique 
information about the coordination of brain response to a stimulus and the function of different 
communities: subnetworks of ROIs with stronger in-group connectivity compared to out-
group.104 Two communities were completely conserved across all conditions – community 5 
(bilateral insula and thalamus) and community 6 (bilateral ventral striatum). The thalamus is 
described as a relay center, connecting sensory information from the periphery to temporal and 
prefrontal regions,208 while the insula engages in sensorimotor response, attentional processing, 
and decision making.209 Connectivity of the insula and thalamus during choice, reward, and 
punishment may reflect increased flow of sensory information between these regions. The 
ventral striatum is critical for learning stimulus-response pairings during instrumental 
conditioning.210,211 The assignment of the ventral striatum to its own community may relate to its 
unique, central role in the task. Beyond communities that were completely conserved, a single 
community - community 1, was also very similar across conditions. Community 1 included the 
bilateral amygdala and hippocampus during choice, reward, punishment, with the addition of the 
left fusiform gyrus during choice. Functional connectivity of the amygdala and hippocampus is 
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increased during reward and punishment learning.103,212 During reinforcement learning, the 
amygdala is thought to encode sensory aspects of reinforcers,212–214 and the hippocampus is 
involved in memory for stimulus-reinforcer pairings,215–217 making this a key community for 
remembering the stimulus-response pairings in the task.  
During choice, unique community organization was identified for ROIs representing 
visual processing (fusiform gyrus and intracalcarine cortex),218 choice and reinforcer 
expectations (lOFC, mOFC).219 In other studies of functional networks, changing organization of 
the fusiform gyrus, intracalcarine cortex, and OFC during learning is associated with better 
learning outcomes.107,172 During choice, the right fusiform gyrus, bilateral intracalcarine cortex, 
and bilateral mOFC organize into the same community. The mOFC monitors stimulus-reinforcer 
relationships,220 and its synchronization with visual regions (right fusiform and intracalcarine 
cortex) may represent the incorporation of stimuli perception with reinforcer value assessment, 
which is important for choosing between stimuli. During choice, the lOFC was assigned to its 
own community. The lOFC guides response to uncertain outcomes.220 During choice, 
participants are facing uncertain outcomes; they may choose the ‘correct’ shape and receive a 
reward or they may choose the ‘incorrect’ shape and receive a punishment. Because of this 
high uncertainty, activity of the lOFC may be uniquely aligned during choice, creating its own 
community. Overall, the community structure during choice reflects an increased need for 
synchronization of regions involved in visual processing and choice-expectancy. 
Community organization during reward and punishment was generally the same. 
Communities 1, 3, 4, 5, and 7 were composed of the same ROIs independent of reinforcer type. 
From reward to punishment, ROIs in the ventral prefrontal cortex reorganized into different 
communities. During punishment, the vmPFC and vlPFC were grouped into community 2, with 
the dorsal striatum and pre/postcentral gyrus ROIs. Connectivity of these regions reflects the 
cortico-striatal loop that are critical for feedback-based learning and action updating.85,221 
Community 2 may function to learn from feedback via the bitter taste during punishment. 
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However, during reward this cortico-striatal community reorganized, such that the vmPFC was 
grouped with the precuneus, while the vlPFC was assigned to its own community. The vmPFC 
encodes the value of choices and outcomes.165 The function of the precuneus is multifaceted, its 
response is related to self-consciousness, pain, and memory.222 The vmPFC and precuneus are 
functionally connected at rest,222,223 and BOLD response in both regions increases with certainty 
in a choice between a desired food image and an undesired food image.224 Increased 
connectivity of the vmPFC and precuneus during reward via sweet taste may reflect the 
feedback from the taste, confirming that participants chose the ‘correct’ shape. The vlPFC, 
which is involved in behavioral regulation221 and learning stimulus-response relationships,225 
also had differential community assignment during reward. During punishment, the vlPFC is 
associated with the dorsal striatum, vmPFC, and pre/postcentral gyrus ROIs. However, in 
reward, the vlPFC is assigned to its own, unique community. Dissociation of the vlPFC may 
occur because when participants are rewarded for choosing the correct shape, there is no need 
to update their action, thereby decreasing the importance of vlPFC function in the community.   
To examine how community topology relates to behavioral outcomes, we computed 
metrics of segregation, integration, and hubness, then tested for associations with PST posttest 
performance. Segregation, quantified by clustering coefficient, is needed to efficiently and 
quickly perform specialized processes in communities,104 while integration, measured by 
participation coefficient, allows the brain to share information and coordinate response across 
communities.104 Hubness, represented by betweenness centrality, describes how central a 
community is to communication throughout the network.104 We found that increasing 
segregation of community 1 (amygdala, hippocampus, and right fusiform gyrus) during choice 
was significantly associated with increased sensitivity to punishment, as measured by the PST 
posttest. This community represents memory and learning regions,212,215 and in our sample, its 
segregation is associated with successfully learning in the PST. Increasing segregation of this 
community may reflect better adaptation of the network to partition the learning/memory 
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community to allow it to efficiently perform its function for instrumental conditioning.226 This 
would, in theory, improve sensitivity to reward and punishment on the posttest, but the 
segregation of community 1 was not related to posttest sensitivity to reward. Further, no 
community topology measures during reward or punishment were related to behavioral 
outcomes such as ratings tastetant palatability or the level of sweetness/bitterness of the 
tastetants.  
Of note, overall participant performance on the modified probabilistic selection task was 
lower than expected. Participants’ learning is assessed via the behavioral posttest, where 
sensitivity to choose reward and avoid punishment is gauged by the percent of trial where 
participants select the stimuli most likely to be rewarded and avoid the stimuli most likely to be 
punished. When the task is completed using the same conditions as the original design, 
average participant accuracy is 70%.23,78 In our sample, accuracy on the posttest was on 
average about 50%, suggesting that as a group, participants did not learn to choose reward or 
avoid punishment. Further, when we examined choices during the training period, there was no 
trend toward improved performance over the four training blocks, also suggesting participants 
may not have learned from the reinforcers as intended. Methodological differences in the 
present version of the probabilistic selection task may contribute to these results. First the 
training portion of our task included fewer trials than the original task design.78 On average 
participants in our task completed 98 trials with reinforcement, while in Frank et al.’s original 
task, participants completed up to 240 trials, concluding training when they reached a minimum 
criterion for accuracy.78 In our effort to adapt the training for fMRI, we may have lost the 
repetition needed for participants to accurately acquire information about the stimuli. However, 
other studies with a comparable number of trials in a slightly different probabilistic reinforcement 
learning task did find learning in their sample,107 which suggests that the lower number of trials 
in our task’s training may not prevented learning by itself. The second main difference in our 
training was the use of sweet and bitter tasting beverages as reinforcement instead of visual 
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reinforcers. Taste is a primary reinforcer, but it has challenges in research application 
because  the value of a food reinforcer, especially that of food reward, changes with satiation,227 
making food reward a moving target. It's possible that the sweet beverage lost some of its 
motivational value over the course of the training, preventing participants’ learning. However, 
despite poor performance at the group level, there was some individual variation in posttest 
performance, and we found that individual differences in sensitivity to punishment was 
associated with module segregation during choice.  
 This study has notable strengths and limitations. While our study is the first to adapt the 
Probabilistic Selection Task to use a primary taste reinforcer, we were not able to reliably 
identify learning in our sample. Because of this, we were not able to account for learning and 
expectancy in our analyses of BOLD response and network structure during training. It is 
possible that response, especially that of midbrain ROIs that respond strongly to prediction 
error162,228 may be misattributed to response to reward or punishment. Within individuals, this 
may not impact overall results because prediction error should be distributed across reward and 
punishment evenly, but across individuals this effect may be meaningful, since feedback was 
randomized, and participants received different numbers of ‘mismatched’ trials, where they 
could experience prediction error events. Future studies of brain response during taste-
mediated instrumental conditioning should aim to increase the number of taste events or include 
additional training to improve performance and allow for a computational model of reinforcement 
learning to be fit to behavioral data. Second, graph-theory based, betaseries network analyses 
provides unique information to further characterize response during choice, reward, and 
punishment. However, these types of analyses limit the scope of brain regions examined. While 
the ROIs selected were drawn from research on reinforcement learning and taste 
administration, it is possible that regions meaningful to network structure were not included in 
our analytic set. With more trials, future studies may be able to identify other regions important 
to network structure during choice, reward, and punishment.  
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How we learn from taste reinforcement is an important driver of food choices, and 
provides a window into how food reward may motivate individuals to choose palatable foods. 
Our findings provide unique information about whole brain BOLD response, functional 
connectivity, and network modularity during reward and punishment via taste. Our results are 
the first to examine network modularity during reinforcement via taste administration, and 
suggest that the brain processes reward and punishment through similar functional networks, 
with key differences in prefrontal regions important for value representation229 and behavioral 
regulation.221 Compared to reinforcement, choice was associated with differential community 
allegiance of regions involved in visual processing and choice/reinforcer expectations, reflecting 
the need for unique processing during choice. Network structure during choice, reward, and 









CHAPTER V. BEHAVIORAL AND PHYSIOLOGICAL FACTORS ASSOCIATED WITH 
APPETITIVE PROBABILISTIC SELECTION TASK PERFORMANCE  
 
Overview 
Many factors guide food decisions, including sensitivity to food rewards and 
punishments.  Individuals show meaningful variability in food choices, but less is known about 
how individuals differ in the way they learn from taste and use that information to make 
decisions. Here, we examined behavioral and physiological predictors of individual differences 
in performance on an appetitive probabilistic selection task that includes a posttest to measure 
how individuals learn from food reward and punishment. Sensitivity to reward, sensitivity to 
punishment, and overall learning performance were measured via responses on an appetitive 
probabilistic selection task in 89 adults. Multivariate linear regressions were used to test if 
variables including body mass index (BMI), external eating, emotional eating, behavioral 
inhibition/behavioral activation scales (BIS/BAS), and perceived sensitivity to reward and 
punishment (SPQ/SRQ) predicted measures of learning performance. External eating (b=-.035, 
p=.019), BIS (b=-.066, p=.004) and SPQ (b=.003, p=.023) were associated with overall learning 
performance. BMI (b=-.000, p=.012), emotional eating (b=.055, p=.006), and external eating 
(b=-.062, p=.004) were associated with sensitivity to reward. No variables were associated with 
sensitivity to punishment. In post hoc analyses, the interaction of sex and SPQ was associated 
with overall performance (b=-.005, p=.025), such that the relationship was only significant in 
women (b=.006, p=0.002). Results support that BMI and measures of eating behavior and 
punishment avoidance relate to how well individuals learn to choose reward, possibly affecting 




The modern food environment presents many decision-making opportunities, resulting in 
a host of food choice behaviors. Consider a restaurant: diners will choose vastly different menu 
items based many factors, including on their expectations about the tastiness of a dish and how 
full it will make them feel.8,230 These expectations are generated and maintained through 
reinforcement learning,231,232 either: classical conditioning and/or instrumental (operant) 
conditioning. Classical conditioning occurs when a previously unknown stimulus (e.g. a logo) is 
repeatedly paired with a food reinforcer (e.g. a sugary, palatable drink) that evokes response 
(e.g. salivation).54 Over the course of conditioning, the cue becomes associated the response 
previously evoked by the reinforcer, this framework is applicable to situations in which there is 
no choice in salient stimulus, and therefore the evoked response is involuntary. However, 
reinforcement learning around food often includes a voluntary response (e.g. choosing a food 
item to purchase) to earn a reinforcer.233 Instrumental conditioning differs from classical 
conditioning in that rewards or punishments modify the behavior (evoked response). Therefore, 
instrumental conditioning requires a choice, which in turn is rewarded or punished to increase or 
decrease response. Instrumental conditioning allows individuals to learn from reinforcement 
(reward or punishment) to optimize their behavior.234 In the context of eating behavior, 
instrumental conditioning can describe food-motivated behaviors such as how a child learns to 
be well-behaved to receive candy, or how an adult learns to avoid ordering from a certain 
restaurant the food tastes bad.67 While classical responses are reflexive, instrumental behavior 
is under the control of the actor. Thus, instrumental conditioning provides a framework for the 
reinforcement learning that contributes to modern food decisions. 
Physiological factors influence reinforcement learning and food. First, people who have a 
high BMI (BMI > 25 kg/m2) show to stronger associative learning when a novel cue is paired 
with a chocolate milkshake compared to people with a normal body weight.119 
Overweight/obesity is also associated with insensitivity to negative feedback on an instrumental 
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conditioning task.23 Second, biological sex can impact reinforcement learning. On a probabilistic 
learning task, women were more sensitive to positive feedback, while men learned better from 
negative feedback.235 Additionally, men consistently perform better on the Iowa Gambling Task, 
a reinforcement based decision making task that assesses response to gains and losses.236 
However, physiological measures are not the only correlates of reinforcement learning.  
Beyond BMI and sex, behavioral characteristics also are associated with an individual’s 
sensitivity to reinforcement learning. Measures of perceived sensitivity to reward and 
punishment are related to individual differences in learning. The Behavioral Inhibitory System 
and Behavioral Approach System (BIS/BAS) scale measures reward motivation (BAS) and 
punishment avoidance (BIS)125 and high scores on the BIS has been negatively associated with 
ability to learn from reward.24 A similar scale, the Sensitivity to Punishment and Sensitivity to 
Reward Questionnaire (SPQ/SRQ)126 was associated with performance on a probabilistic 
learning task, such that those with high SRQ scores were better at choosing reward while those 
with high SPQ were better at avoiding punishment.127 Three eating behavior constructs are also 
associated with reinforcement learning: external eating, emotional eating, and dietary restraint 
128. Emotional eating, or eating in response to negative affect, has been associated with 
increased sensitivity to cues that predict negative outcomes.237 However, external eating, which 
measures susceptibility to eat in response to external cues, is associated with greater attention 
towards and preference for cues that predict palatable food receipt.238 Dietary restraint, 
representing an individual’s intention to limit their food intake for the means of controlling or 
losing weight, is associated with poor performance on a classical conditioning task.130 
Specifically, Brunstrom et al. found that those with high dietary restraint do not form preferences 
for a novel flavor after it is paired with a food reward,130 suggesting that dietary restraint could 
be associated with impairments in reinforcement learning or that the desire to control intake 
decreases the motivational value of food rewards. Finally, working memory may also contribute 
to reinforcement learning. Working memory is a form of short-term memory that stores and 
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processes information for immediate use.239 Individual differences in working memory load 
affect performance on reinforcement learning tasks.90 Together, these studies establish the 
connection reinforcement learning and many physiological and behavioral outcomes. However, 
few studies have measured multiple variables associated with reinforcement learning in the 
same sample. Further, many of the reinforcement learning tasks examined do not use actual 
administration of taste, a primary reinforcer, to provide feedback. This leaves a gap in our 
understanding of how behavioral and physiological characteristics can independently or 
interactively relate to how individuals learn from taste to guide their food choices.     
In the present study, we sought to address this gap by testing how behavioral and 
physiological characteristics impact instrumental conditioning via taste reinforcement. We used 
an appetitive probabilistic selection task (PST, based on Frank et. al, 2004) that examines both 
rewarding (sweet tastes) and punishing (bitter tastes) instrumental conditioning. The task 
includes a posttest that measures learning performance. We completed multivariate linear 
regression models to examine whether physiological and/or behavioral variables, including BMI, 
sex, SPQ/SRQ, BIS/BAS, dietary restraint, emotional eating, external eating, and a measure of 
working memory (the N-back task240), predicted three measures of learning: overall learning 
performance (ability to choose reward and avoid punishment), sensitivity to reward (ability to 
choose reward), and sensitivity to punishment (ability to avoid punishment). We hypothesized 
that BMI, emotional eating, BIS, and perceived sensitivity to punishment would predict posttest 
sensitivity to punishment. External eating, BAS, and perceived sensitivity to reward would 
predict posttest sensitivity to reward. Also, we predicted that N-back accuracy, BIS/BAS, and 
SPQ/SRQ scores would predict overall posttest performance.  
Methods 
Recruitment 
Ninety (n=90) male and female participants were recruited from the Chapel Hill, North 
Carolina area to complete this cross-sectional imaging study. Eligibility criteria included: 1) aged 
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18-28 years, 2) body mass index between (BMI) 20.0 kg/m2 and 32.0 kg/m2. Exclusion criteria 
were: 1) counter-indications of MRI (e.g. metal implants, piercings, pregnancy), 2) current 
smoking, 3) self-reported current or past diagnoses of an eating disorder, 4) chronic illness or 
medication requirement that could affect diet, 5) diagnosis of a major psychological condition 
(bipolar, schizophrenia, major affective disorder), and 6) allergy or intolerance to any study 
foods. The Institutional Review Board of University of North Carolina at Chapel Hill approved all 
methods and study participants gave written consent before the start of testing. Study visits took 
place at the University of North Carolina at Chapel Hill’s Gillings School of Global Public Health 
and Biomedical Research Imaging Center (BRIC). One participant had missing data, so the final 
analytic sample was n=89. 
Procedures 
All measures were completed in a single study visit, lasting 2.5 hours in duration. To 
normalize the time since last meal in the sample, participants were instructed fast for 4-hours 
prior to the visit to mimic a between meal interval. Trained research staff assessed height (to the 
nearest 0.5 cm) and weight (to the nearest 0.1 kg) measured with a wall-mounted stadiometer 
and a calibrated. BMI (kg/m2) was calculated using height and weight measurements. 
Participants completed a N-back task (measurement of working memory) on a computer tablet 
app, (PsychLab101Ó, Version 2.0, Neurobehavioral Systems). Participants completed a single, 
1-back block and a single, 2-back block of the task with alphabet letter stimuli. Block order was 
counterbalanced across the sample. Working memory was operationalized as participants’ 
overall accuracy on the two blocks of the task.  
To select which beverages would be used in the modified PST, participants completed a 
taste test of 4 sweet and 4 bitter beverages. Participants were given a 20mL sample of each 
beverage to rate pleasantness, desire to consume, sweetness, bitterness and intensity on VAS 
anchored at -100 and 100. All sweet beverages were sampled, then participants ranked the 
beverages from most pleasant to least pleasant. The same process was then completed with 
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the bitter beverages. The order within sweet and bitter groups was randomized for each 
participant. The most pleasantly ranked sweet beverage were selected as the reward stimuli. 
Whereas the least pleasantly ranked bitter beverage was selected as the punishment stimuli, 
excluding any beverages rated at the lowest possible score for pleasantness, anchored as 
“least pleasant imaginable” (-100 on a visual analog scale [VAS]). The eight beverages were 
made from a base of water, unsweetened Kool-AidTM cherry powder, and simple syrup. 
Additional simple syrup or a quinine solution were added to the beverages to create different 
levels of sweetness or bitterness. Levels of sweetness and bitterness were selected from a 
previous study of taste preference.175 The sweetest beverage contained about 35g of sugar per 
300mL, a similar amount as a sugar sweetened beverage. The beverages were calorically-
matched to contain 105 kcal/300mL, using the addition of maltodextrin, a soluble, odorless, and 
flavorless carbohydrate.   
Following the taste test, participants completed the Behavioral Inhibition System and 
Behavioral Activation System Questionnaire scales (BIS/BAS)125 to assess perceived sensitivity 
to two general motivational systems; the Sensitivity to Punishment and Sensitivity to Reward 
Questionnaire (SPQ/SRQ)126 to measure perceived sensitivity to general positive and negative 
reinforcement. Finally, the Dutch Eating Behavior Questionnaire (DEBQ)128 was used to 
measure dietary restraint subscale scores, external eating subscale scores, and emotional 
eating subscale scores.  
Appetitive Probabilistic Selection Task 
Participants completed a modified version of the Probabilistic Selection Task,78 
measuring response to reward and punishment. The task was completed during a functional 
neuroimaging scan, however imaging data is presented elsewhere. The task was composed of 
a training during the scan and posttest after the scan. In the training, participants were 
presented with pairs of novel shapes (similar to logos), and asked to select the “correct” shape 
to receive a reward. Participants were instructed that when they choose “incorrectly”, they would 
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receive a punishment. Feedback was probabilistic; each shape was reinforced at a prespecified 
probability. In the original version of the task, written feedback was given to provide 
reinforcement.78 In the present version of the task, feedback was given in the form of 3mL of 
sweet (reward) or bitter (punishment) taste to indicate if participants chose correctly. Tastes 
were delivered for 5s, followed by a 1mL rinse of a tasteless solution made to mimic the taste of 
saliva, delivered over 2s. The next trial proceeded following a 3-7s second jitter. Participants 
completed 104 training trials over four runs, each 6 minutes and 44 seconds in length. Training 
was completed for a fixed number of trials to accommodate timing constraints associated with 
neuroimaging and to limit the impact of sensory specific satiety227 on results. Following the 
training, participants completed a posttest outside of the scanner. During the posttest, 
participants were presented novel pairings of the shapes and asked to select the shape that is 
more likely to be “correct”. The pairings included one shape from the AB set (A: 80% correct, B: 
20% correct), as this set is the most reliable predictor of positive/negative outcome. Participants 
completed 48 posttest trials. Sensitivity to reward was measured by the percent of trials in which 
that participant selected the A shape, and sensitivity to punishment was measured by the 
percent of trials in which that participant avoided the B shape. Overall performance was 
calculated as the combined percent of trials where participants chose the A shape (highest 
probability of reward) and avoided the B shape (lowest probability of reward).  
Data Analysis  
One participant’s PST posttest data was lost due to a software error, and they were 
excluded from regression analyses. The final analytic sample included 89 participants. Scoring 
and statistical analyses were carried out using the R statistical software package (version 3.5.1, 
R Foundation for Statistical Computing, Vienna, Austria). Descriptive statistics including mean 
and standard deviation were computed for all variables. To test for differences in variables and 
outcome variables by sex, Welsh’s independent samples t-tests were employed. To evaluate 
behavioral and physiological variables associated with posttest performance metrics, we 
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assessed three linear regression models. The nine independent variables in each model were 
BMI, N-back accuracy, dietary restraint, emotional eating, external eating, BIS, BAS, SPQ, SRQ 
scores. Sex was included in each model as a control variable, resulting in 10 independent 
variables in each model. Model 1 regressed variables (BMI, N-back accuracy, dietary restraint, 
emotional eating, external eating, BIS, BAS, SPQ, SRQ scores and sex) onto overall posttest 
performance (% choose A and avoid B), model 2 examined posttest sensitivity to reward (% 
choose A) as the outcome, and model 3’s outcome was posttest sensitivity to reward (% avoid 
B). To examine the goodness of fit for each model, variance inflation factor (VIF; assesses 
multicollinearity of independent variables), studentized residuals (tests for normality of 
residuals), and Cook’s distance (tests for influential points241) were computed. Additionally, we 
visually inspected the normality of the residuals, and used the Durbin-Watson Test to check for 
autocorrelated errors.242 To address multiple comparisons, the Benjamini–Hochberg procedure 
was applied to identify significant independent variables using false discovery rate threshold of 
0.25.243 Raw p-values are presented in tables.  
Post Hoc Tests for Interactions with Sex 
During data analysis, we identified that five of the independent variables (emotional 
eating, BIS, BAS, SPQ, SRQ) were statistically significantly different between male and female 
participants. Thus we probed possible integrations between sex and these independent 
variables in the statistically significant models predicting overall performance and sensitivity to 
reward. We ran 5 additional models for each outcome to test for statistically significant 
interactions between sex and each of the 5 independent variables (e.g. emotional eating by sex 
interaction). Statistical significance for the post hoc models was considered at an uncorrected 
threshold of p < 0.05. Likelihood ratio tests were applied to test if the expanded interaction 




Sample Characteristics and Appetitive Probabilistic Selection Task Performance  
Participants in the analytic sample (n=89) were on average young adults (21.5 ± 2.4 
years) and healthy weight (24.7 ± 3.2 kg/m2). The majority of participants identified as white and 
non-Hispanic (n=80; 89.9%) and just over half of the participants were women (n=45; 50.6%; 
Table 5.1). The mean and standard deviation of the nine predictor variables (BMI, N-back 
accuracy, dietary restraint scores, emotional eating scores, external eating scores, BIS, BAS, 
SPQ, SRQ) are shown in Table 5.2, including differences between male and female 
participants. Male and female participants significantly differed in emotional eating, BAS, BIS, 
SRQ, and SPQ measures (p’s = 0.007 - 0.04). Outcome variables are also shown in Table 5.2. 
The average overall posttest accuracy was close to chance (51.1 ± 7.3%), as was the average 
sensitivity to reward (% choose A) was 50.9 ± 10.6%, and the average sensitivity to punishment 
(% avoid B) was 51.2 ± 9.6%.  
Table 5.1: Participant Characteristics (n=89) 
Characteristic Count (Frequency) 
Gender  
   Female 45 (50.6%) 
   Male 44 (49.4%) 
Race  
   African American/Black 4 (4.5%) 
   Asian 20 (22.5%) 
   White 55 (61.8%) 
   Middle Eastern 2 (2.2%) 
   More than 1 race 5 (5.6%) 
   Other 3 (3.4%) 
Ethnicity   
   Hispanic 9 (10.1%) 














     
BMI (kg/m2) 24.5 (3.41) 24.9 (2.87) -0.58, 0.56     
N-Back Accuracy (%) 87.3 (10.1) 90.6 (6.18) -1.90, 0.062     
Emotional Eating 2.28 (0.615) 1.94 (0.694) 2.44, 0.017*     
Dietary Restraint 2.36 (0.808) 2.12 (0.673) 1.52, 0.14     
External Eating 3.08 (0.643) 2.98 (0.621) 0.78, 0.44     
BAS 2.98 (0.365) 3.15 (0.378) -2.07, 0.04*     
BIS 3.12 (0.375) 2.80 (0.469) 3.54, 0.0007**     
SRQ 26.4 (6.52) 30.2 (6.82) -2.66, 0.009**     
SPQ 29.4 (7.06) 25.5 (7.64) 2.46, 0.016*     
Overall Accuracy (%) 50.3 (6.17) 51.9 (8.41) -1.01, 0.32     
Sensitivity to Reward (%) 50.4 (9.82) 51.5 (11.5) -.049, 0.63     
Sensitivity to Punishment (%)  50.2 (8.68) 52.3 (10.5) -1.01, 0.32 
* p < 0.05, ** p < 0.01; Values are mean (SD). Welch’s T-test used to assess significant 
differences by sex. BMI = Body Mass Index, BIS = behavioral inhibition scale, BAS = 
behavioral activation scale, SPQ = sensitivity to punishment questionnaire, SRQ = 
sensitivity to reward questionnaire 
 
Multivariate Regression Models to Predict PST Posttest Learning Outcomes 
Correlation of the predictor variables ranged from r’s = 0.01 – 0.52 (Appendix B). 
Despite some high correlations between predictor variables, the variance inflation factor (VIF), 
which measure multicollinearity for each predictor variable, ranged from 1.20 – 1.98, supporting 
that there was not collinearity among the predictor variables to warrant variable reduction in the 
regression analyses.  
Of the three multivariate linear models, two were statistically significant: the model to 
predict overall posttest accuracy (F(10, 78) = 2.35; p = 0.017) and the model to predict 
sensitivity to reward (F(10, 78) = 2.69; p = 0.007; Table 5.3). After adjusting for multiple 
comparisons, three variables were statistically significantly associated with overall posttest 
accuracy: external eating scores (b = -0.035; p = 0.019), BIS scores (b = -0.066; p = 0.004), and 
SPQ scores (b = 0.003; p = 0.023). Three variables were statistically significantly associated 
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with body mass index (b= -0.009, p = 0.012), emotional eating scores (b = 0.055, p = 0.006), 
external eating scores (b = -0.062, p = 0.004), and BIS scores (b = -0.068, p = 0.032). None of 
the independent variables examined were statistically significantly associated with sensitivity to 
punishment. Metrics of the goodness of fit for each model, and results of the Benjamini–




Table 5.3: Linear regression analyses predicting learning performance outcomes from 
behavioral and physiological predictors (n=89) 
Model 1: Linear regression to predict overall accuracy (% choose reward and avoid 
punishment) 
 β SE t-value p Model fit 
(Intercept) 0.867 0.131 6.611 > 0.001 Multiple R2 = 0.23 
1. BMI -0.005 0.003 -1.980 0.051 adjusted R2 = 0.13 
2. N-Back Accuracy -0.060 0.097 -0.618 0.538 F(10, 78) = 2.36 
3. Dietary Restraint 0.017 0.012 1.444 0.153 p = 0.017* 
4. Emotional Eating 0.027 0.014 2.018 0.047  
5. External Eating -0.035 0.015 -2.399 0.019*  
6. BIS -0.066 0.022 -2.981 0.004*  
7. BAS -0.011 0.026 -0.416 0.679  
8. SPQ 0.003 0.001 2.311 0.023*  
9. SRQ -0.001 0.001 -0.936 0.352  
10. Sex (Male = 1) 0.027 0.017 1.625 0.108  
Model 2: Linear regression to predict sensitivity to reward (% choose reward)  
 β SE t-value p Model fit 
(Intercept) 1.018 0.186 5.461 > 0.001 Multiple R2 = 0.26 
1. BMI -0.009 0.004 -2.584 0.012* adjusted R2 = 0.16 
2. N-Back Accuracy -0.100 0.138 -0.724 0.471 F(10, 78) = 2.69 
3. Dietary Restraint 0.032 0.017 1.918 0.059 p = 0.007** 
4. Emotional Eating 0.055 0.019 2.852 0.006*  
5. External Eating -0.062 0.021 -2.937 0.004*  
6. BIS -0.068 0.031 -2.184 0.032  
7. BAS -0.015 0.037 -0.417 0.678  
8. SPQ 0.003 0.002 1.497 0.138  
9. SRQ -0.001 0.002 -0.613 0.542  
10. Sex (Male = 1) 0.034 0.024 1.435 0.155  
Model 3: Linear regression to predict sensitivity to punishment (% avoid punishment) 
 β SE t-value p Model fit 
(Intercept) 0.716 0.187 3.831 > 0.001 Multiple R2 = 0.08 
1. BMI -0.001 0.004 -0.201 0.841 adjusted R2 = 0.03 
2. N-Back Accuracy -0.020 0.138 -0.146 0.884 F(10, 78) = 0.71 
3. Dietary Restraint 0.002 0.017 0.113 0.91 p = 0.71 
4. Emotional Eating 0.000 0.019 -0.012 0.99  
5. External Eating -0.009 0.021 -0.438 0.663  
6. BIS -0.063 0.031 -2.005 0.048  
7. BAS -0.006 0.037 -0.168 0.867  
8. SPQ 0.003 0.002 1.750 0.084  
9. SRQ -0.001 0.002 -0.701 0.485  
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10. Sex (Male = 1) 0.020 0.024 0.849 0.399  
* p-false discovery rate < 0.05, BMI = Body Mass Index, BIS = behavioral inhibition scale, 
BAS = behavioral activation scale, SPQ = sensitivity to punishment questionnaire, SRQ = 
sensitivity to reward questionnaire 
 
Post Hoc Tests for Interaction with Sex 
We found a statistically significant interaction of SPQ and sex on overall accuracy (Table 
5.4, Figure 5.2). Holding all other variables constant, in female participants, the relationship 
between SPQ and overall posttest accuracy was positive (b = 0.006, p = 0.002). However, in 
male participants, the relationship between SPQ and overall posttest accuracy was not 
significantly different from zero (b = 0.0008, p = 0.63). Using the Likelihood Ratio Test to test the 
goodness of fit between the original model to predict overall accuracy and the model with SPQ-
sex interaction, we found that the expanded model better fit the data (𝜒L(1) = 5.82, p = 0.016). 
No other significant interactions between sex and the other independent variables examined 
(emotional eating, BIS, BAS, SRQ) were found to predict overall accuracy (p’s = 0.17 - 0.52). 
No significant interactions between the independent variables and sex were found to predict 




Table 5.4: Linear regression to predict posttest overall accuracy and test for a significant 
interaction of sex and SPQ (n=89) 
Model 4: Linear regression to predict posttest overall accuracy with interaction of SPQ 
and sex 
 β SE t-value p Model fit 
(Intercept) 0.786 0.133 5.924 > 0.001 Multiple R2 = 0.28 
1. BMI -0.006 0.003 -2.347 0.021* adjusted R2 = 0.18 
2. N-Back Accuracy -0.077 0.095 -0.815 0.417 F(11, 77) = 2.73 
3. Dietary Restraint 0.012 0.012 1.011 0.315 p = 0.005** 
4. Emotional Eating 0.033 0.013 2.435 0.017*  
Likelihood Ratio Test  
(Compared to Model 1) 
= 𝜒L(1) = 5.82, p = 0.016* 
5. External Eating -0.036 0.014 -2.498 0.015* 
6. BIS -0.056 0.022 -2.562 0.012* 
7. BAS -0.005 0.025 -0.181 0.857 
8. SPQ 0.006 0.002 3.281 0.002** 
9. SRQ -0.001 0.001 -1.033 0.305  
10. Sex (Male = 1) 0.164 0.062 2.641 0.010*  
11. SPQ * Sex -0.005 0.002 -2.282 0.025*  
* p < 0.05, ** p < 0.01; BMI = Body Mass Index, BIS = behavioral inhibition scale, BAS = 
behavioral activation scale, SPQ = sensitivity to punishment questionnaire, SRQ = sensitivity to 
reward questionnaire 
 
Figure 5.1: Interaction of Sex and Sensitivity to Punishment Questionnaire (SPQ) scores on 





 Individual differences in reinforcement learning are an important predictor of behavioral 
outcomes, such as food choices and eating habits.244 Studies have established that behavioral 
and physiological factors are associated with individual differences in reinforcement learning 
from food stimuli.23,24,90,119,127,130,237,238 However, few studies have examined how multiple 
variables relate to individual differences in how we learn from taste. Here, we tested whether ten 
variables previously associated with reinforcement learning could predict learning outcomes on 
an appetitive probabilistic selection task. We found that multivariate linear models statistically 
significantly predicted two of the three learning outcomes assessed; sensitivity to reward and 
overall accuracy. Statistically significant variables associated with overall posttest accuracy and 
sensitivity to reward included BMI, external eating, emotional eating, and BIS scores. In contrast 
to our hypothesis, none of variables tested were associated with sensitivity to punishment. 
Further, when we tested for interactions between emotional eating, BIS, BAS, SPQ, SRQ 
scores and sex, we found a significant interaction between SPQ and sex to predict overall 
accuracy on the posttest, such that the interaction was significant in women, but not in men. 
Compared to the original model to predict overall posttest accuracy, the model containing the 
interaction of SPQ and sex was a better fit to predict overall accuracy.  
Learning performance was measured by accuracy on the appetitive PST posttest, where 
participants chose between shapes with varying degrees of association to food reward and food 
punishment. The task measures how sensitivity individuals are to food reward and food 
punishment outcomes, and relates to the broader construct of probabilistic learning. 
Probabilistic learning, or learning the likelihood of outcomes in the face of uncertainty, is directly 
relevant to food choices. Food choices are influenced by reward expectations,237,245 and often 
have some level of uncertainty about whether or not a food will be palatable.246 Being able to 
adapt behavior as more information about reinforcement likelihood is learned should, in theory, 
help people make better informed choices about what to eat. Successful probabilistic learning 
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can help individuals modify their choices when the motivation value of food changes, such as 
during sensory-specific satiety227 or dieting.247 Thus, learning performance on the appetitive PST 
has direct implications for how individuals make food choices.  
Individual differences in physiology and psychological and eating behavior constructs 
were associated with performance on the appetitive PST. External eating was negatively related 
to both overall performance and sensitivity to reward on the task. External eating measures how 
susceptible individuals are to eat in response to food-related cues,128 and is associated with 
insensitivity to internal, physiological hunger and satiety signals.248 While multiple studies report 
a positive relationship with external eating and self-reported reward sensitivity,249,250 our results 
are some of the first to examine how external eating affects probabilistic learning and sensitivity 
to food reward. Our findings may be explained by associations between external eating and 
impaired attentional control,251 as decreased attentional control would likely decrease 
performance on the task, since attention improves reinforcement learning.252 Similarly, scores 
on the behavioral inhibition scale, which measures how individuals respond to expected 
punishment,125 were negatively related to overall posttest accuracy. In prior research, higher 
behavioral inhibition scores were associated with disordered eating behaviors,253 suggesting 
that high punishment avoidance is related to alternations in food motivation. The results 
presented here suggest similar effects, where high behavioral inhibition scores are associated 
with decreased sensitivity to food reward and punishment. Despite being highly, scores on the 
sensitivity to punishment questionnaire were positively associated with overall accuracy. Items 
on the SPQ assess how much individuals try to avoid experienced pushinment,126 while the BIS 
measures how strongly expectations of punishment induce negative emotions or anxiety.125 
While both measures attempt to assess Gray’s Behavioral Inhibition System,254 the differential 
emphasis on expectations versus experience may explain why the estimated direction of 
associations with a behavioral measure of punishment avoidance is not the same.  
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In addition to external eating, statistically significant variables associated with sensitivity 
to reward included emotional eating and body mass index. Emotional eating is another eating 
behavior construct that was related to posttest performance. Emotional eating assesses 
susceptibility to negative affect, and similar to other samples, emotional eating and external 
eating were positively correlated in our sample.255–257 However, emotional and external eating 
had opposite associations with sensitivity to reward. Holding external eating constant, emotional 
eating was positively related to posttest sensitivity to reward. In other research, emotional eating 
has been associated with self-reported sensitivity to food reward.250 Our results support that 
high emotional eating is also related to increased behavioral sensitivity to food reward. Like 
external eating, BMI was negatively associated with sensitivity to reward. Many studies show 
that BMI is associated with changes to performance on various reinforcement learning tasks, 
but the direction of the estimated effect varies.22,23,258–260 While BMI is positively associated with 
increased food reward motivation in children and adults,259,260 here, high BMI was associated 
with poorer sensitivity to reward. Notably, when the effect of BMI was assessed in a PST with 
non-appetitive feedback, BMI did not relate to sensitivity to reward,23 which may be related to 
differences between food reinforcement and visual feedback on the two PST tasks.  
 We observed a significant interaction between sex and SPQ scores on overall posttest 
accuracy. In women, SPQ scores significantly predicted posttest accuracy, while in men, SPQ 
was not associated with accuracy. Unlike the original validation studies,126,261 here, female 
participants had significantly lower SPQ scores than men. We found that self-reported sensitivity 
to punishment was positively associated with accuracy in women, while in men, the association 
was not statistically different from zero. Although sex was not an independent predictor of 
posttest performance in this study, other applications of the PST task find evidence for 
differences in performance by sex, such that women were more accurate than men in learning 
from positive feedback and less sensitive when to negative feedback.235 Our results suggest 
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that women who report being sensitive to punishment are better able to learn from food reward 
and punishment, and may be more sensitive to value in making decisions about food.  
We observed were no statistically significant associations between the variables 
examined and sensitivity to punishment. Sensitivity to punishment was very weakly correlated 
with sensitivity to reward (r = 0.06), suggesting that participants were more likely to learn from 
one form of reinforcement over another. The variables we examined may be more closely 
related to sensitivity to food reward than sensitivity to food punishment. This tendency to learn 
from only food reward or punishment is seen in other applications of the PST, where individuals 
demonstrate greater sensitivity to positive or negative feedback, but not both.23,78,235,262 While 
our results identify several factors that make individuals more sensitive to food reward, factors 
that affect sensitivity to food punishment are important to explore in future research.  
This study has a number of limitations that warrant discussion. First, while the sample 
here is well-sized for a lab-based eating behavior study and powered for our analyses, a larger 
sample may have produced models with different associations with learning outcomes. Second, 
since sensitivity to punishment was not associated with the variables examined here, it is likely 
that some unmeasured construct would better explain posttest sensitivity to punishment. An 
unknown variable may better explain the other learning outcomes assessed as well. Despite this 
limitation, the models to predict sensitivity to reward and overall accuracy explained 26% and 
28% of the variance in performance, respectively, suggesting the variables examined here are 
useful for understanding individual differences in reinforcement learning. Finally, while this study 
provides novel information about the combination of variables that relate to learning outcomes, 
in order to generalize these results, it is critical to test our findings in an independent sample. 
Future studies are needed to address these constraints. It is plausible that associations may 
change if a different appetitive instrumental conditioning task is used to assess food-motivated 
reinforcement learning. A task of particular interest is appetitive Pavlovian-to-Instrumental 
Transfer (PIT). This task measures the ability of a conditioned cue to modulate previously a 
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conditioned response and measures cue-driven changes in food choices.263 Individual 
differences in Pavlovian transfer are associated with cue-reactivity,264 and some studies support 
that transfer may be increased in individuals with obesity,265 however others show null effects. 
266 Exploration of how measures like sex, the BIS/BAS scales, SPQ, and emotional and external 
eating relate to appetitive PIT would provide unique information, and build on the results 
presented here.  
Using a novel appetitive probabilistic selection task, we found that learning performance 
outcomes, specifically overall performance and sensitivity to reward, were associated with 
individual differences in emotional and external eating behavior, BMI, and trait sensitivity to 
punishment. Further, we found a statistically significant interaction between sex and self-
reported sensitivity to punishment in association with overall posttest performance. Together, 
our results support that food reinforcement learning may relate to a combination of behavioral 
and physiological measures, and that in future studies of individual differences in how we learn 









CHAPTER VI. CORRELATES OF NEURAL ADAPTATION TO FOOD CUES: THE ROLE OF 
OBESITY RISK FACTORS  
 
Overview 
Identifying correlates of brain response to food cues and taste provides critical 
information on individual differences that may influence variability in eating behavior. However, 
few studies examine how brain response changes over repeated exposures and individual 
factors that are associated with changes. Using functional MRI, we examined how brain 
response to a palatable taste and proceeding cues changed over repeated exposures and how 
individual differences in weight, parental overweight/obesity, dietary restraint, and reward-
responsiveness correlate with these changes. In healthy-weight adolescents (n=154), caudate 
and posterior cingulate cortex (PCC) response increased with repeated cue presentations, and 
oral somatosensory cortex and insula response increased with repeated milkshake exposures. 
The magnitude of increase over exposures in left PCC to cue was positively associated with 
BMI-percentile (r=0.18, p=0.026) and negatively associated with dietary restraint scores (r=-
0.24, p=0.003). Adolescents with parental overweight/obesity showed higher cue-evoked 
caudate response across time, compared to the low risk group (r=0.12, p=0.035). Reward-
responsiveness correlated with higher right oral somatosensory cortex/insula response to 
milkshake over time (r=0.19, p=0.018). Results show that neural responses to food cues and 






Maintaining energy balance is a primary drive and is achieved through various means of 
balancing energetic intake with output.267 A key component of this system is motivation; 
palatable foods have rewarding post-ingestive effects that promote further consumption of the 
food through associative learning.268 Both humans and animals learn to associate visual cues 
for a palatable food with the food’s motivational value over repeated exposures.231,232 While 
preference for foods (e.g. liking) are mostly stable, desire for a food, or it’s motivational value is 
more sensitive to state-dependent changes.269,270 One example of a state that impacts food 
wanting is sensory-specific satiety. Sensory-specific satiety (SSS) is the decline in desire to 
consume a food further as the food eaten. SSS does not represent absolute satiation, since 
following SSS, the desire to consume foods with different sensory properties (e.g. taste) remain 
the same.227 This decline in pleasantness during consumption can render a preferred food 
unpalatable. Sensitivity to SSS is proadaptive in the modern food environment, where large 
portions of highly palatable foods are readily available and encourage individuals to 
overconsume,271 which may result in unhealthy weight gain.  
Multiple systems are theorized to drive SSS, including those implicated in reinforcement 
learning. Response habituation, the process by which response diminishes with repeated 
exposure to a stimulus, is a leading theory for the mechanism of SSS.272 Also, stimulus 
specificity is demonstrated in SSS,273 meaning that hedonic decline, or the loss of pleasantness, 
occurs for only the food that is consumed to satiation. Habituation and stimulus sensitivity are 
key components of reinforcement learning, suggesting SSS may represent a form of appetitive 
conditioning. In animals, SSS decreases dopaminergic signal in regions of the midbrain and 
prefrontal cortex, orbitofrontal cortex (OFC), and medial prefrontal cortex.274,275 In human 
neuroimaging research, SSS is linked to decreased response in the OFC following repeated 
exposure to a food odor, relative to an unexposed food odor.275 These regions are also 
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important for reinforcement learning,17 further supporting the idea that SSS and appetitive 
conditioning may act through similar pathways.  
Repeated exposure to a cue and paired reward is also associated with the development 
of incentive sensitization. Following cue-reward pairings, the motivational value of the cue 
increases, and desire for the reward is transferred to the cue.276 This wanting, called incentive 
sensitization, remains even when the primary reward is no longer reinforcing.276 In eating 
behavior, incentive sensitization explains how individuals can become highly responsive to 
palatable foods cues, resulting in food cravings and cued-overeating, even in the absence of 
hunger.276 Greater midbrain response to food cues reflects the development of incentive 
sensitization.277 Incentive sensitization and SSS represent different adaptations that change the 
motivational value of foods and their cues. In the brain, incentive sensitization increase 
motivational response to a cue, while SSS can dampen value-signal for a taste over time. 
However, the neural changes reflecting these adaptive processes have not been investigated 
within the same paradigm.  
Individual differences in brain response during SSS and incentive sensitization to food 
cues may explain variation in eating behaviors including meal initiation and meal termination. 
Identifying these factors may improve the ability to predict unhealthy weight gain/obesity risk. 
Consumption of a high-fat, high-sugar diet diminishes SSS in animals.278 In humans, obesity 
has been correlated with lower sensitivity to SSS,279 however the effect is inconsistent.280 
Obesity is associated other eating behavior dysregulations, which may confound the 
relationship between obesity and SSS. Therefore, it may be useful to evaluate individual 
differences in SSS should be tested in healthy-weight individuals. Food cue responsivity is also 
correlated with obesity, where individuals at an elevated weight or with familial risk of obesity 
show increased response to food cues in striatal and midbrain regions.281,282 Finally, 
psychological constructs are related to cue-responsiveness. Trait reward responsiveness is 
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related to elevated attention to food cues and greater response in the striatum, amygdala, and 
orbitofrontal cortex.283  
To address gaps in the literature around correlates of brain adaptation to food cues and 
taste, we tested how whole-brain response to palatable milkshake receipt and milkshake cue 
changed with repeated exposure to the stimuli. Early exposure was compared to late exposure, 
and the magnitude of brain response to cue/milkshake were then correlated with individual-level 
factors related to eating behavior including parental obesity, body mass index (BMI), BMI-
percentile, percent body fat, dietary restraint and disinhibition, and reward and punishment 
responsiveness. We hypothesized that repeated exposure to the milkshake cue would correlate 
with increased response in the striatum, and repeated exposure to milkshake taste would 
correlate with decreased response in orbitofrontal cortex. We hypothesized that BMI and weight 
gain risk factors (e.g. parental weight status, high dietary restraint scores) would be related to 
greater magnitude of the hypothesized changes.  
Methods  
Sample Recruitment 
Data for this analysis were collected as part of a broader study to examine how obesity 
risk determinants affect brain response to anticipation and receipt of a palatable beverage, and 
the relation of brain response to future weight change in adolescents. Data were collected from 
July 2009 to May 2011 in Eugene, Oregon, USA. Participants were recruited through a number 
of methods including advertisements in local newspapers, Craigslist postings, flyers posted in 
local schools, and word-of-mouth referrals. Participants were screened for eligibility by research 
personnel via a phone interview. Eligibility criteria included 1) aged 14 to 17 years, 2) BMI 
between 18.0 kg/m2 and 25.0 kg/m2. Exclusion criteria were 1) current use of psychoactive 
medications or drugs more than weekly, 2) contraindication of MRI, such as pregnancy and 
recent head injury with a loss of consciousness, 3) significant cognitive impairment 4) any major 
medical problems such as Type I diabetes, and 5) diagnosis of current Axis I psychiatric 
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disorder. For eligible participants, parental and participant consent was obtained before data 
collection. All methods and procedures were approved by the Institutional Review Board of 
Oregon Research Institute.  
Study Overview 
Data collection included two baseline assessments: 1) a behavioral assessment, and 2) 
a functional neuroimaging scanning assessment. At the behavioral assessment, participants 
completed metabolic and physiological measures including height and weight measurements, a 
Bod-Pod assessment of body composition, and saliva sample provision for genotyping. 
Participants also completed questionnaires assessing eating behavior and reward sensitivity. 
During the behavioral assessment, parents provided self-reported height and weight data for 
themselves and the adolescent’s other biological parent. At the functional neuroimaging 
scanning assessment, participants completed a food reward fMRI paradigm and visual analog 
scales (VAS) to rate tastant liking, palatability, and familiarity. Additional details regarding the 
broader study from which this sample is drawn can be found elsewhere.281 
Measures 
Measures used for the present analyses are described in further detail here.  
Body Mass Index, BMI Percentile, and Weight Gain Risk 
Participant’s height and weight were measured at baseline using an electronic scale and 
stadiometer. Body mass index (BMI) and BMI-for-age percentile, which accounts for a 
child/adolescent’s age and biological sex, were calculated in accordance with US Centers for 
Disease Control growth charts.284 Parental height and weight were self-reported and then 
verbally confirmed for both biological parents with the parent at the first baseline assessment. 
Parental BMI was calculated. The high weight gain risk group comprised adolescents with two 
parents with overweight or obesity (BMI > 25.0 kg/m2), and adolescents with two parents at 




Body composition was assessed using air displacement plethysmography (ADP) via the 
Bod-Pod (CosMed, Rome, Italy). Participants were instructed to wear snug swimsuits and a 
swim cap for the assessment to minimize trapped air mass. Two measurements were 
performed for each participant and the results were averaged. Body density was calculated as 
body mass (assessed by direct weighing) divided by estimated body volume. Percent body fat 
was estimated from body density.  
Genotyping 
Participants provided an epithelial cell sample collected from saliva. DNA was extracted 
from the samples using a commercially available genomic DNA quick preparation kit (Oragene 
DNA), yielding an average of 45µg of DNA. The DRD2 TaqIA assay was completed the 
fluorogenic 5’nuclease (Taqman, ABI, Foster City, CA) method285 on an ABI Prism 7000 
Sequence Detection System using the allelic discrimination mode.286 Reactions containing 20ng 
of DNA were performed in 10µl reactions with TaqMan Universal PCR Master Mix using the 
standard cycling conditions. Each 96 well plate included four non-template controls, three 
samples homozygous for the A SNP, three samples homozygous for the G SNP and two 
heterozygous samples. Genotypes were then independently scored by two individuals. 
Eating Behavior and Reward Sensitivity Questionnaires 
Eating behavior was assessed using the Three Factor Eating Questionnaire (TFEQ).287 
The questionnaire contains three scales assessing different constructs: dietary disinhibition, 
dietary restraint, and hunger. The scales each show internal consistency (Cronbach’s-alpha = 
0.90, 0.92, and 0.85 respectively).287 Scores on the TFEQ predict future weight change.288 Non-
specific reward/punishment sensitivity were assessed using the Behavioral Inhibition Scale and 
Behavioral Approach Scale (BIS/BAS.125 The scales measure motivation to avoid punishment 
(BIS) and motivation to approach rewarding outcomes (BAS). Scores on the BIS/BAS correlate 
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with 30% of the variation in BMI in men and women,289 and correlate with weight change in 
men.290  
FMRI Food Reward Task 
The food-reward fMRI paradigm examines response to receipt and anticipated receipt of 
palatable food. On the day of the fMRI scan, participants were instructed to eat regularly on the 
day of their scan, but to refrain from eating or drinking for 4–6 hours immediately preceding their 
scan. Participants completed five runs of a task where they received tastes of a chocolate 
milkshake and tasteless solution designed to mimic the osmolarity of saliva. The milkshake 
consisted of 2 scoops of vanilla ice cream, 1.5 cups of 2% milk, and 2 tablespoons of chocolate 
syrup, representing a palatable, high-fat and high-sugar beverage.281 The tasteless solution 
consisted of 25 mm KCl and 2.5 mm NaHCO3 in distilled water.169 Stimuli were presented in the 
five runs in a randomized order.  
Participants were presented with cues consisting of images of a glass of milkshake or 
water that signaled the delivery of 0.5 mL of a chocolate milkshake or a tasteless solution, 
respectively. However, on 40% of the trials, the corresponding taste was not delivered following 
its cue. Cues were presented for 2s and were followed by a jitter of 1–7s during which time the 
screen was blank. Taste delivery lasted 5s. Participants were instructed to swallow when they 
saw the “swallow” cue. 0.5 mL of rinse delivered over 2-4s followed the milkshake taste. The 
next trial began 1-7s after the “swallow” cue went off (Figure 6.1). Tastes were delivered using 
programmable syringe pumps to ensure consistent volume, rate, and timing of taste delivery. 
Sixty milliliters syringes filled with milkshake and tasteless solution were connected via Tygon 
tubing (B-44-3; inner diameter: 3/32inch; outer diameter: 5/32inch; 50ft length) through a wave 
guide to a manifold attached to the sliding table of the scanner. The manifold fit into the 




Figure 6.1: FMRI Food Reward Paradigm
 
 
Neuroimaging Data Parameters and Data Preprocessing 
Scanning was performed by a Siemens Allegra 3 tesla head-only MRI scanner (Siemens 
Medical Solutions, Munich, Germany). A birdcage coil acquired data from the entire brain. A 
thermo-foam vacuum pillow and additional padding restricted head motion. Functional scans 
used a T2*-weighted gradient single-shot echo planar imaging sequence [echo time, 30 ms; 
repetition time (TR), 2000ms; flip angle, 80°] with an in-plane resolution of 3.0 × 3.0 mm2 [64 × 
64 matrix; field of view (FOV), 192 × 192 mm2]. To cover the whole brain, 32 4 mm slices 
(interleaved acquisition, no skip) were acquired along the anterior commissure–posterior 
commissure transverse, oblique plane, as determined by the midsagittal section. Structural 
scans were collected using an inversion recovery T1-weighted sequence (MP-RAGE) in the 
same orientation as the functional sequences to provide detailed anatomic images aligned to 
the functional scans. High-resolution structural MRI sequences (FOV, 256 × 256mm2; 256 × 256 
matrix; thickness, 1.0mm; slice number ≈ 160) were acquired.  
Imaging data were preprocessed and analyzed using SPM12 (Wellcome Department of 
Imaging Neuroscience, London, UK) in MATLAB (MathWorks, Natick, MA, USA).291 Images 
were time-acquisition corrected to the slice obtained at 50% of the TR. Functional images were 
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then realigned to the mean. Images (anatomical and functional) were normalized to the 
standard Montreal Neurological Institute (MNI) template brain. Normalization resulted in a voxel 
size of 3mm3 for functional images and a voxel size of 1mm3 for structural images. Functional 
images were smoothed with a 6 mm full-width half maximum isotropic Gaussian kernel. 
To identify response to anticipated food receipt, blood oxygen level-dependent (BOLD) 
response during presentation of the milkshake cue was contrasted against the tasteless solution 
cue (milkshake cue > tasteless solution cue). No difference in BOLD response was observed 
between the paired versus unpaired cues for the milkshake and tasteless solutions, so cues 
were collapsed into the same condition. To identify response to taste receipt, BOLD response 
during milkshake receipt was contrasted against tasteless solution receipt (milkshake receipt > 
tasteless solution receipt). Vectors of the onsets for each event of interest were compiled and 
convolved by the canonical hemodynamic response function. Additional covariates of no interest 
included the time of the swallow cue, motion parameters, and temporal derivatives of the 
hemodynamic function. A 128s high-pass filter was used to remove low-frequency noise and 
slow drifts in the signal.  
To model main effects of the paradigm, participants’ five runs of task data were included 
in a random-effect models to identify average response during the two contrasts of interest: 
milkshake cue > tasteless cue and milkshake receipt > tasteless receipt. To model the 
differences in brain response during early versus late exposures, two first-level models were 
generated for each subject: 1) an early task phase (early exposure) model consisting of the first 
two runs (totaling 12 events of each taste, 20 events of each cue); and 2) a late task phase (late 
exposure) model consisting of the final three runs (totaling 18 events of each taste, 30 events of 
each cue). Phases were selected to include as many events as possible in each condition, 
without splitting data collected in the same run. At the group level, the resulting images for early 
and late phase were entered into a within subjects paired sample t-test comparing early vs late 
response in the milkshake cue > tasteless cue contrast and milkshake receipt > tasteless 
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receipt contrast. For main effects and repeated-exposure effects, the T-map threshold was set 
at SPM-derived family-wise error corrected pFWE < 0.05 and a cluster size of 10 voxels.292 
Significant clusters are reported with cluster size (k), cluster-level pFWE-value, peak z-statistic 
and peak coordinates in MNI space.  
The resulting significant clusters from early vs. late models were saved as regions of 
interest (ROIs). Average parameter estimates (PEs) within the ROIs for clusters were extracted 
from each participant’s data using the MarsBaR toolbox (Version 0.44) in SPM12. This 
generated subject-specific PEs for each phase of the task (early and late) in each contrast of 
interest (cue and taste) in the ROIs. The magnitude of change from early to late task phase was 
calculated as the difference between PEs.  
Behavioral Data Analysis  
Statistical analyses of behavioral data and parameter estimates were carried out using 
the R statistical software package (version 3.5.1, R Foundation for Statistical Computing, 
Vienna, Austria). Descriptive statistics including mean and standard deviation were computed 
for all behavioral variables. Paired samples t-tests were used to test for significant changes in 
VAS scores from pre to post-scan. To test for biological and behavioral factors associated with 
the magnitude of PE change in significant ROIs, Pearson's product-moment correlation tests 
were carried out for the following variables: BMI; BMI-percentile; %body fat; TFEQ disinhibition, 
restraint, and hunger scores; and BIS/BAS scores. Analysis of covariance (ANCOVA) tests 
were used to examine differences in early-late PEs between parental risk groups and by TaqIA 
A1 allele carrier status. Significance was considered at an uncorrected statistical threshold of 
two-tailed p < 0.05.  
Results 
Sample Characteristics 
One hundred and sixty-two healthy weight adolescents (n=162) completed baseline 
assessments. From the sample, 154 adolescents were included in the present analyses (eight 
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excluded for incomplete neuroimaging data or analytic errors). The analytic sample was on 
average aged 15.2 years, healthy-weight, non-Hispanic, and white (Table 6.1). From pre to 
post-scan, there was a significant decrease in milkshake wanting (t = 20.0, p < 0.001) and liking 
ratings (t = 5.4, p < 0.001) on VAS scales.  
Brain Response to fMRI Food Reward Paradigm 
In response to the cue predicting milkshake administration (contrasted with the cue 
predicting tasteless solution), elevated BOLD response was observed in three clusters (Figure 
6.2, in blue): a large cluster spanning bilateral caudate (peak=9,15,3; Z=7.02; k=543; 
pFWE<0.001), a cluster in the occipital fusiform cortex (peak=-21,-84,-12; Z=5.85; k=12; 
pFWE=0.001); and a cluster in the anterior cingulate cortex (peak=-3,30,18; Z=5.29; k=50; pFWE< 
0.001). Robust activity was observed in response to milkshake taste receipt compared to 




Table 6.1: Participant Characteristics (n=154) 
Characteristic Count (Frequency) 
Gender  
Female 78 (50.6%) 
Male 76 (49.4%) 
Race  
American Indian or Alaska Native 3 (1.9%) 
Asian 1 (0.6%) 
Black or African American 0 (0%) 
Native Hawaiian or Pacific Islander 0 (0%) 
White 130 (84.4%) 
More than 1 race 12 (7.8%) 
Other 8 (5.2%) 
Ethnicity  
Hispanic 18 (11.7%) 
Non-Hispanic 134 (87.0%) 
Missing 1 (0.6%) 
Weight Gain Risk Status  
High Risk 118 (76.6%) 
Low Risk 36 (23.4%) 
TaqIA Allele   
A1/A1  4 (2.7%) 
A1/A2 55 (35.7%) 
A2/A2 94 (61.0%) 
Missing 1 (0.6%) 
 Mean ± SD 
Age (years) 15.2 ± 2.02 
BMI (kg/m2)  20.9 ± 1.94 
BMI Percentile 53.6 ± 21.7 
TFEQ – Restraint (0 – 20) 5.9 ± 2.85 
TFEQ – Disinhibition (0 – 16) 3.7 ± 1.93 
TFEQ – Hunger (0 – 15) 5.5 ± 2.78 
BIS (0 – 4) 2.8 ± 0.58 
BAS (0 – 4) 3.0 ± 0.41 
VAS Milkshake Ratings (-100 - 100)  
Liking – Pre scan 80.0 ± 14.7 
Liking – Post scan  72.1 ± 16.2 
Wanting – Pre scan 77.4 ± 13.6 
Wanting – Post scan 37.3 ± 19.6 
 
The largest cluster shows peaks throughout the bilateral pre/postcentral gyrus 
(peak=42,-12,33; Z>8; k=4754; pFWE<0.001). Other clusters include response in the left VI- 
lobule of the cerebellum and intracalcarine cortex (peak=-15,-63,-21; Z>8; k=945; pFWE<0.001), 
the supplementary motor cortex (peak=3,-6,63; Z>8; k=232; pFWE<0.001), the precuneus (peak= 
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27,-45,18;  Z>8; k=25; pFWE<0.001), and additional pre/postcentral clusters in the right 
(peak=21,-27,60; Z>8; k=41; pFWE<0.001) and left hemispheres (peak=-21,-30,60; Z>8; k=39; 
pFWE<0.001). 









Differences in Brain Response from Early to Late Conditioning 
When comparing late exposure (runs 3-5) contrasted with early exposure (runs 1&2), 
elevated BOLD response to milkshake cue and milkshake receipt was found (Figure 6.3; Table 
6.2). Regions that showed in increase in response over cue exposure included clusters in the 
bilateral posterior cingulate cortex (PCC) and caudate (Figure 6.3; Table 6.2). In response to 
milkshake receipt (compared to tasteless solution receipt), increased BOLD response over 
exposure was observed in the bilateral oral somatosensory cortex (pre/post central gyrus) 








Table 6.2: Greater BOLD Response in Late Task Phase relative to Early Task Phase 
Milkshake Cue > Tasteless Cue xa y z kb z-value pFWE 
 Left posterior cingulate cortex -15 -45 21 45 6.75 < 0.001 
 Precuneus -18 -42 36  6.14 < 0.001 
 Posterior cingulate cortex -15 -42 12  4.89 0.014 
 Right posterior cingulate cortex 24 -39 33 40 6.34 < 0.001 
 Right putamen and caudate 21 21 -6 18 5.86 < 0.001 
 Left caudate -12 30 -6 20 5.32 0.002 
        
Milkshake Receipt > Tasteless Receipt       
 Right postcentral gyrus  45 -12 33 184 6.98 < 0.001 
 Right precentral gyrus 54 -3 24  6.92 < 0.001 
 Right insula 36 -9 15  6.32 < 0.001 
 Left postcentral gyrus -48 -9 27 112 6.91 < 0.001 
 Left central operculum -57 -12 9  6.44 < 0.001 
 Left precentral/postcentral gyrus -45 -15 36  6.30 < 0.001 
a MNI coordinates (mm)  
b Cluster size 
 
Figure 6.3: Differences in BOLD Response to Milkshake Cues and Receipt from Early Task 




Physiological, Behavioral, and Psychological Correlates of Change  
BMI-percentile was positively correlated with response in the left PCC over repeated 
exposures to milkshake cues (r=0.18, t=2.28, p=0.024; Figure 6.4A), while TFEQ dietary 
restraint subscale scores were negatively associated with the change in the left PCC (r =-0.24, 
t=-3.05, p=0.003; Figure 6.4B). Parental obesity was associated with the magnitude of change 
in milkshake cue response in the right caudate (F(1,305)=4.51; eta-squared=0.015; p=0.035). 
Adolescents at high risk for weight gain showed a slight decrease in right caudate response 
over time, while adolescents at low risk showed an increase over time in the same region, 
however the effect of time was not significant (F(1,305)=0.0018; p=0.97) (Figure 6.5). The 
degree of change in the right oral somatosensory cortex and insula ROI in response to 
milkshake receipt was positively related to BAS scores (r=0.19, t=2.39, p=0.018). Other 
measures of adiposity (BMI, %body fat) and constructs associated with weight regulation 
(dietary disinhibition, hunger, behavioral inhibition scale) were not correlated with the degree of 
change as a function of repeated exposures in the ROIs, and TaqIA A1 status was not related to 
change (p’s=0.07 – 0.97). 
Figure 6.4: BMI Percentile and TFEQ Restraint Scores are Associated with PE Change in the 




Figure 6.5: Parental Risk of Weight Gain is Associated with Significantly Higher Right Caudate 




Over the course of eating, incentive sensitization and sensory-specific satiety (SSS) 
affect food cue responsiveness and motivation to consume the same food further. How sensitive 
individuals are to these adaptations and how brain response changes over consumption has 
long been theorized to explain some level of individual variation in eating behavior. Individual 
differences in adaptations have been connected to physiological and behavioral characteristics, 
such as weight, weight gain risk conferred by genetics or parental obesity, and eating behavior 
constructs.279,281,293 The present study builds on this work, demonstrating that repeated 
exposure to a milkshake cue was associated with greater response in the caudate and posterior 
cingulate cortex (PCC) over time, and repeated administration of a milkshake taste was 
associated with greater response in the oral somatosensory cortex and dorsal insula. Further, 
individual differences in neural change over time were observed. The cue-evoked change in the 
left PCC was correlated positively with BMI-percentile and negatively with dietary restraint, 
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despite both being risk factors for future obesity.294,295 Also cue-evoked signal in the right 
caudate was stronger in adolescents at high-risk versus low-risk for future obesity, suggesting 
that high risk adolescents may have increased motivational susceptibility to food cues. Finally, 
the magnitude of change to milkshake receipt was positively correlated with trait reward 
responsiveness. Together, these results suggest that brain response adapts to repeated 
milkshake cue and taste exposure in regions important for gustatory processing and motivation, 
and that the degree of change is sensitive to individual differences in adiposity and weight gain 
risk factors.   
 Across the sample, brain response to milkshake cue and receipt was seen in a number 
of regions associated with motivation, visual processing and behavior anticipation and 
modulation. The observed response is similar to prior research testing brain response to cue-
elicited anticipation of a palatable taste and receipt of the taste.20,199 The brain adaptation to 
milkshake cues reported here is also similar to prior studies of cue-reinforcer pairing. The 
striatum, inclusive of the caudate, is key for associative learning from primary and secondary 
reinforcers,103,210,296 and cue-evoked response in the caudate is shown to increase over time 
when paired with taste reinforcement.21,74 This caudal adaptation may reflect increased 
dopamine response to a predictive cue, which is seen following repeated cue-reward 
exposure.74,276,297 Increased BOLD response to the food cue was also found in the PCC. The 
PCC is involved in arousal, attention, and integrating information across the brain,298 and PCC 
response is thought to help adapt behavior to optimize outcomes.299 Critically, caudal and 
posterior cingulate response increase with incentive sensitization,277 suggesting that the brain 
adaptions to repeated cue exposure reported here may reflect incentive sensitization. 
Adaptations in cue-evoked BOLD response were correlated with body weight, obesity 
risk, and dietary restraint. The magnitude of change over time in the left PCC was correlated 
with BMI-percentile and inversely correlated with dietary restraint. Elevated response in the 
PCC to food cues has been previously associated with obesity,277 and obesity is associated with 
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an increased bias towards food cues in a sated state.300,301 Given that PCC response is thought 
to reflect increased attention and behavioral adaption, its positive correlation with BMI-percentile 
suggests that adolescents at a higher BMI-percentile may be more attuned to the milkshake 
cues. This could contribute to more rapid incentive sensitization in high BMI-percentile 
adolescents.302 Conversely, dietary restraint was inversely associated with cue-evoked PCC 
adaptation. Individuals with high dietary are highly sensitive to food cues,303,304 but successful 
restrained eaters may engage “top-down” control over food cue responsiveness.158,305 The 
association of dietary restraint with dampened PCC adaptation may reflect attempts to control 
attention to food cues in high restraint participants. Finally, high weight gain risk conferred by 
parental overweight/obesity was associated with stronger cue-evoked response in the right 
caudate. The differential response observed between risk groups is echoed in other research. In 
a similar, but independent sample, adolescents at risk for obesity show elevated response in the 
caudate to milkshake receipt.203,281 In another sample, elevated cue-evoked caudate response 
over conditioning was associated with future weight gain.21 Despite a slight decrease with 
repeated exposure, caudal response in the high-risk group was higher than that of the low-risk 
group. Higher caudal response to milkshake cues suggests that high-risk adolescents may be 
more motivated by food cues early into the task, or may have a greater susceptibility to 
incentive sensitization to food cues. Increased cue responsiveness could explain how elevated 
BMI-percentile and parental obesity increase adolescent’s risk of onset and maintenance of 
overweight or obesity in adulthood.  
In response to milkshake receipt, we found that repeated exposures to milkshake tastes 
were associated with greater BOLD response in the bilateral pre/postcentral gyrus and dorsal 
insula. The pre/postcentral gyrus represents the oral somatosensory area and classically 
responds strongly to beverage administration.306 BOLD responses in the oral somatosensory 
cortex and anterior insula are associated with gustatory processing of mouthfeel, taste, and 
thermal properties of tastes.171,307 Conversely, the dorsal insula is thought to be more closely 
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related to cognitive control and executive function.209 The observed increased response in the 
oral somatosensory cortex and dorsal insula after repeated taste exposure is unexpected; we 
hypothesized that repeated milkshake administration would relate to decreased orbitofrontal 
cortex response, reflecting SSS. In this sample, visual analog scale ratings of milkshake liking 
and wanting significantly decreased following the scan, which in prior studies was observed 
following SSS.308 However, fMRI response to the milkshake did not show the expected neural 
signature of SSS. A possible interpretation for this discrepancy is that the present results 
represent an earlier stage of neural adaptation to SSS. During this task, participants received a 
comparatively small amount of milkshake (0.5mL per trial, total 15mL over the scan). While 
participants reported a change in perceptual ratings that reflects SSS, physiological/hormonal 
responses that contribute to SSS may not have been elicited by the small volume of milkshake 
consumed.309 Alternatively, the present results may be unrelated to SSS and instead reflect 
increased somatosensory response over time. Further research into the dynamics of neural 
adaptations to taste are needed to better understand the present results. Of note, the degree of 
change in the right oral somatosensory cortex and insula was positively correlated with scores 
on the behavioral approach scale, which measures trait reward responsiveness. This effect is 
seen in other studies, where response in the precentral gyrus to food stimuli and taste is 
positively correlated with reward responsiveness.283,310 Together, these results suggest that 
elevated reward responsiveness is related to increased milkshake-evoked oral sensory 
response over repeated administration.  
To maximize power and limit the impact of trial-by-trial noise in cue and milkshake 
response, we a priori selected cut points to define the first two runs of the task as early 
exposure and the last three runs as late exposure. However, this approach is not sensitive to 
possible individual differences in the onset of incentive sensitization or SSS.311 One possible 
analytic method to address this limitation is the application of dynamic connectivity regression 
(DCR) to taste administration fMRI data.312 This method identifies state-related changes in brain 
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networks through the use of functional connectivity. Network structure changes over repeated 
exposures to a cue and reward,107 so this method could be applied to identify individual 
differences in the onset and number of network state-changes during repeated exposure to a 
milkshake cue or taste. This would provide a data-driven method for identifying individual 
differences in sensitivity to incentive sensitization or SSS, and could be applied to improve 
obesity risk assessment in adolescents. Of note, DCR is best implemented in blocked 
paradigms. Future research in how brain response changes across cue/taste exposure may 
benefit from changing taste administration paradigms from event-related to blocked designs to 
allow for DCR methods.   
Behavioral adaptations to repeated food cue and taste exposure is well documented, 
however few studies have examined how BOLD response changes over this process. In a large, 
adolescent sample, we found that brain changes occur with repeated exposure to a milkshake 
cue and taste in regions important for motivation, attention and awareness, and oral sensation 
and executive function. Echoing studies of static brain response to food cues and taste, we 
found that individual characteristics such as adiposity, parental overweight/obesity, and reward 
responsiveness amplified adaptation while dietary restraint dampened the degree of change 
over time. Results indicate that individual differences in obesity risk factors affect how the brain 
adapts to food cues over time, possibly increasing incentive sensitization and providing a 









CHAPTER VII: SYNTHESIS 
Overview of Findings 
 Identifying factors that influence food choice and eating behavior can help determine 
obesity risk and improve obesity prevention efforts. While many physiological, behavioral, and 
environmental factors can influence what we eat, food choices are closely guided by 
expectations about palatability and the reinforcing value of the food313. Reinforcement 
expectations are acquired through food conditioning,166 or the process through which we learn 
to associate the value of a reinforcer with a predictive cue. Food conditioning is associated with 
changes to brain response in regions like the striatum,21 however, conditioning involves 
signaling across multiple pathways in the brain and the interaction of brain regions.314 To date, 
few studies have examined connectivity and network organization in response to food 
conditioning. Additionally, despite being highly conserved across species, individual differences 
in reinforcement learning acquisition exist. How individuals vary in food reinforcement learning 
has implications for differences in food choices and overall eating behavior. Further, individual 
differences in food conditioning may explain, in part, what makes one person more prone to 
obesity than another. Public health research has long aimed to improve obesity prevention 
efforts, so by studying food reinforcement learning, we may be better able to assess weight gain 
risk.  
The overarching goal of this research was to examine how brain network connectivity, 
behavioral characteristics, and neural adaptation over time relate to individual differences in 
food reinforcement learning (Figure 7.1). We found that network organization of prefrontal  
 
 100 
Figure 7.1: Implications of Dissertation Work and Future Directions 
 
regions important for assigning value to outcomes and behavioral response changed in 
response to food reward and punishment, suggesting that connectivity of the prefrontal cortex is 
related how the brain learns from food reinforcement. Further, we found that brain response to a 
cue predicting taste and taste administration changes over time, suggesting that response in 
areas important for motivation, attention, and oral sensation adapt to repeated exposures to 
taste. We also found associations between behavioral/psychological factors and individual 
differences in learning; external eating and behavioral inhibition were negatively associated with 
overall learning, and that external eating and BMI were negatively associated with sensitivity to 
reward while emotional eating was positively associated with sensitivity to reward. Our data 
support the hypothesis that individual differences in food reinforcement learning are related with 
eating behavior. Results suggest that people with high BMI, high susceptibility to food cues, or 
high attention to food cues may experience decreased sensitivity to food reward and 
punishment. Insensitivity to the reinforcement outcomes associated with food can change how 
individuals make food choices, and possibly contribute to less flexible or adaptive behavior.315 It 
is recommended that future research expand on this work by testing how neural and behavioral 
correlates of reinforcement learning relate to eating behavior and weight change.  
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Aim 1: How do brain networks organize during a food-motivated learning task?  
Extant research into brain response during appetitive conditioning has used general 
linear model-based approaches to identify regions that respond to food cues and reinforcement. 
However, behavior and cognition are not the result of independent signaling, but rather 
coordinated response across multiple brain regions.100 Further, neuroimaging studies on food 
reinforcement often use passive, classical conditioning paradigms, where no choice is involved. 
Classical conditioning and instrumental conditioning are associated with different neural 
response,174 so brain response during taste-motivated instrumental conditioning may diverge 
from prior response to passive, classical conditioning tasks. This research examined functional 
connectivity and brain network organization during instrumental conditioning with a taste 
reinforcement, by adapting a probabilistic learning task78 to use sweet and bitter tastes as 
reward and punishment. We found that first, brain organization during choice, reward, and 
punishment was similar, with a few notable exceptions. Each condition was associated with a 
largely modular network structure with seven to eight subnetworks. The high number of modules 
suggests that the brain is engaged is multiple, concurrent subprocesses when completing the 
task. The appetitive PST task is complex, and engages many cognitive processes, such as 
working memory, reinforcement learning, motor response, and gustatory processing. Second, 
we found key differences between reward and punishment in the organization of prefrontal 
regions that are important for value representation229 and behavioral regulation.221 During 
reward, the ventromedial prefrontal cortex and precuneus were highly connected. In prior 
decision making research, their connectivity increased with certainty,224 suggesting that network 
organization during receipt of the reward beverage reflected certainty from choosing the correct 
shape. Third, we found that increasing segregation of a community containing the amygdala, 
hippocampus, and left fusiform gyrus during choice was significantly associated with increased 
sensitivity to punishment, as measured by the PST posttest. Increasing segregation of this 
community reflects efficient processing in regions involved in memory and learning, and may 
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have helped participants better remember which shape was more likely to be associated with 
punishment, and thus avoid that shape on the posttest. Our results suggest that the connectivity 
of the hippocampus to the amygdala and visual regions is important for successful punishment 
avoidance. Obesity is associated with both insensitivity to punishment23 and alternations to 
taste-dependent hippocampal response.316 Thus, in consideration of these results, obesity may 
be related to disruptions in connectivity of this community, underpinning the associated 
insensitivity to punishment.  
Aim 2: Can we predict performance on a food-motivated learning task from psychological, 
behavioral, and physiological measures?  
 
Reinforcement learning and food choices are influenced by a number of physiological, 
behavioral, and psychological factors, such as BMI, sex, dietary constructs, and trait 
reward/punishment sensitivity. Few studies have measured multiple predictors of reinforcement 
learning in the same sample or considered interactions among characteristics that may predict 
food conditioning. To address this gap, we examined predictors of food conditioning 
performance using data from the adapted appetitive probabilistic selection task in the same 
sample as aim 1. We found that overall performance on the appetitive PST (measured by ability 
to choose a cue associated with food reward and avoid a cue associated with food punishment 
after training) was statistically significantly associated with external eating and two measures of 
trait sensitivity to punishment. Sensitivity to food reward on the task was statistically significantly 
associated with body mass index (BMI), external eating, and emotional eating. Additionally, this 
research found that sex interacted with trait sensitivity to punishment to predict overall 
performance, such that the trait sensitivity to punishment was positively associated with posttest 
performance in women, but not in men. The results of this study are some of the first to identify 
multiple predictors of food reinforcement learning in the same sample. Similar to prior work,23 
increasing BMI was associated with insensitivity to food reward and punishment, suggesting 
that elevated weight may be associated with deficits in decision-making around foods. The 
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observed decreased ability to learn from taste suggests that individuals at a high BMI make food 
choices that are less sensitive to outcomes. Insensitivity to outcomes can contribute to less 
flexible, adaptive behavior,315,317 and may decrease the impact of interventions that try to 
change eating behavior through cognitive reappraisals of foods. The same argument can be 
applied to individuals with high external eating, which was negatively associated with overall 
performance and sensitivity to reward. External eating is related to increased susceptibility to 
cued-overeating, so when considered with our results, individuals with high external eating may 
make food choices based on cues rather than reinforcement outcomes.  
Aim 3: How does brain response to taste change over repeated exposure to a food cue and 
receipt?  
 
Brain adaptation is a key feature of reinforcement learning and appetitive response.172,314 
Over repeated exposures, brain response changes to predictive cues and paired reinforcers. 
While neural adaptation over appetitive exposures is well documented in animal models,17 few 
studies have examined how brain response changes over repeated cue/taste administration 
using functional neuroimaging approaches. The research in aim 3 directly addresses this gap. 
This study found that similar to prior research,17,21 response in the caudate, a dopaminergic 
midbrain region involved in motivation, increases over time in response to a cue predicting 
milkshake administration. Also, response in a region important for attention, the posterior 
cingulate cortex (PCC), increased over time in response to the milkshake cue. Thirdly, we found 
that oral somatosensory cortex and dorsal insula response increased from early to late learning 
in response to milkshake receipt. Echoing studies of brain response to food cues and taste,318 
we found that individual characteristics such as adiposity, as measured by BMI-percentile, risk 
of obesity conferred by parental obesity, and trait reward responsiveness amplified adaptation to 
the milkshake cue and receipt. Greater adaptation to cues for food in the caudate and PCC are 
theorized to reflect the development of incentive sensitization,277 which can make individuals 
more susceptible to food cravings and cued-overeating.276 This research demonstrates that 
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adolescents at a higher BMI-percentile and those who have parents with obesity may undergo 
incentive sensitization more rapidly, contributing to their risk for developing or maintaining 
elevated weight. Conversely, dietary restraint dampened the degree of change to the milkshake 
cue over time. Despite the fact that high dietary restraint is a risk factor for future weight gain, in 
this analysis, dietary restraint was associated with a smaller increase in PCC response to the 
cue over time. In consideration of this effect, dietary restraint, especially in healthy-weight 
adolescents who may successfully engage dietary restraint, could confer some kind of “top-
down” disruption to attention towards milkshake cues. Together, the findings of this study 
demonstrate that brain response in regions important for motivation, attention, and oral 
sensation change in response to repeated cue/taste exposure. Also, results identify individual 
level factors that confer more rapid adaptation and possible increases in susceptibility to cue-
driven food cravings and weight gain.  
Limitations and Strengths 
Limitations 
This research has several limitations that warrant discussion. First, an assumption of the 
food-motivated conditioning tasks employed in this work is that the motivational value of 
palatable foods is constant. However, the motivational value of food can change over time. 
While preference for palatable foods (“liking”) is fairly stable, motivation to consume palatable 
food (‘wanting”) changes with context319. Satiation, or the feeling of fullness, can reduce 
motivation to consume a food further, even if the food is highly preferred.320 Even within a meal, 
the incentive value of a food can decrease as that food is consumed, in a process defined as 
sensory-specific satiety.227 Sensory-specific satiety occurs with repeated exposure to the same 
taste (gustatory inputs) as well as to flavors (gustatory, olfactory, and somatosensory 
inputs).321,322 More broadly, alliesthesia, or the effect of internal state on motivation,323 likely 
impacts how individuals response to the tastes. In particular, ‘negative alliesthesia’ refers to the 
effect where repeated administration of a stimulus affects the internal state so that the reward of 
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the stimulus is decreased. Similar to evidence for peripheral signaling in reward sensation,324 
peripheral inputs signaling energy balance could dynamically impact the motivational value of 
foods.325 Additionally, cognitive factors, such as dietary restraint, can alter the drive to consume 
foods that are high macronutrients that traditionally enhance palatability, such as sugar or fat.49 
While the appetitive PST accommodated individual differences in preference by allowing 
participants to select their reward and punishment beverages, the task was not able to account 
for possible changes in the motivational value of the reward beverage over the task. This may 
confound our results in two ways: first, it may impact performance on the task. The task is 
designed such that participants are motivated to choose reward and avoid punishment. But, if 
the rewarding value of the sweet beverage decreased over time due to fatigue, alliesthesia, or 
sensory-specific satiety, the motivation to choose the shape associated with rewarded would 
decrease. Choice accuracy during later stages of the training and on the posttest may suffer. 
However, we did not see any evidence that accuracy declined over the course of the task. 
Further, participants always chose between two shapes associated with reward and 
punishment. Despite changes in the absolute motivational value of the reward over time, the 
comparative motivational value of the sweet taste should remain higher than the bitter taste 
across the task. Therefore, fatigue, alliesthesia, and sensory-specific satiety may not have 
impaired behavioral responses on the appetitive PST. It is more likely that sensory-specific 
satiety and alliesthesia impacted brain response to the task. When individuals undergo sensory-
specific satiety, response in the orbitofrontal cortex response, which encodes the value of a 
stimulus, decreases326 and response in the ventral striatum, which signals motivational 
response, also decreases.327 Similarly, alliesthesia affects brain response in the orbitofrontal 
cortex, where hedonic valence of stimuli are correlated with orbitofrontal cortex response.328 
Response and connectivity of the orbitofrontal cortex and striatum may be altered if participants 
experience sensory-specific satiety or alliesthesia during the task. As with the majority of taste 
administration tasks, sensory-specific satiation and alliesthesia are difficult to address, since the 
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task requires the administration of a taste that will inherently change internal states. However, 
one method to limit the impact of these processes on brain response during taste administration 
is to decrease the volume of liquid administered. In the research presented in aims 1 and 2, 
participants were given 3mL of taste as feedback on each trial. However, in the paradigm 
implemented for aim 3, participants received only 0.5mL of milkshake or tasteless solution in 
each trial. In analysis for aim 3, we did not observe neural adaptations thought to reflect 
sensory-specific satiety or alliesthesia suggesting that smaller volumes of taste may not evoke 
the neural response related to these processes, but can still evoke robust BOLD response. 
Further, including hunger, fullness, and thirst as nuisance regressors in neuroimaging analyses 
can help control for individual differences in internal state both at the start of the scan, and 
across the session. Accounting for hunger is recommended across taste neuroimaging,143 and 
may be especially important for studying food conditioning. Despite these challenges, the use of 
taste as a reinforcer in conditioning paradigms is valuable. The vast majority of reinforcement 
learning paradigms in neuroimaging use secondary reinforcers such as monetary loss/gain or 
text-based feedback.329 Overlapping brain response to monetary and taste reward is limited; 
ventromedial prefrontal cortex is one of the only regions that responds to both monetary 
reinforcement and taste.330,331 While decision making pathways may operate on a ‘common 
neural currency’ that allows the value of different rewards to be compared on a single scale,332 
different brain networks process the subjective value of primary and secondary reinforcers.331 
Thus, to understand how individual differences in brain response during reinforcement learning 
relate to eating behavior, it is critical to test response to a food conditioning task. More work is 
needed to examine how the brain undergoes conditioning from flavors and tastes, and 
considerations of sensory-specific satiety and alliesthesia are critical for successful adaptation 
of reinforcement learning paradigms for taste administration.  
Another limitation of this work is the inability account for expectancy in the conditioning 
tasks employed. Expectancy represents an individual’s implicit prediction about the 
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reinforcement that follows a cue, and is a powerful moderator of brain response to cues and 
reinforcement.333,334 Computational models of reinforcement learning seek to explain expectancy 
through the application of mathematical models that quantifying reinforcement expectations.71 
While researchers could ask participants about their expectations during an experiment, doing 
so could disrupt conditioning and alter effects by bringing participant’s explicit awareness to the 
task’s design. Instead, computational models can use participant behavior and experience to 
assess expectations implicitly. Computational models calculate a value for expectation on a 
trial-by-trial basis. The resulting values can then be included as trial regressors in neuroimaging 
analysis to adjust effects by computed expectations, or incorporated into task outcomes. 
Unfortunately, in this research, we were not able to apply a computational model to data 
collected during the appetitive PST training. This was likely caused by high variability in 
participant behavior during the training, producing noisy data. Without being able to account for 
expectation, expectation-dependent variation in brain response may be misattributed to other 
aspects of the PST task. Because expectancy is based on prior reinforcement, and 
reinforcement on the PST is probabilistic, expectancy in the task likely varies greatly over time 
and between participants. This makes it difficult to identify expectancy-related neural signal in 
the neuroimaging data.  
Aim 3 may also have been impacted by our inability to model reinforcement expectation, 
although likely to a lesser degree. The neuroimaging paradigm used in this aim was not 
purposefully designed to assess conditioning because it used images depicting the taste 
participants were about to receive as cues. Since the cue conveyed information and was not a 
novel unconditioned cue, the task cannot not be considered classical conditioning. However, the 
task did include an element of reinforcement learning: prediction error. On 40% of the trials, a 
cue (image of a glass milkshake or water) was presented, but the corresponding taste was not 
administered. This represents negative prediction error, where a palatable milkshake reward 
was expected but not delivered. The cue-only trials violate the cue-reinforcer contingency, 
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creating an unreliable cue and affecting expectations. Testing differences in brain response 
under prediction error could illuminate individual differences in appetitive conditioning that can 
affect eating behavior. Unfortunately, the task design had two characteristics that limited our 
ability to examine prediction error in the data. First, the task did not include a distinct period to 
assess response to no-taste prediction error. In cue-taste trials, there is a set, 5s duration to 
assess response to taste, but on cue-only trials there was no corresponding period to assess 
response when participants experience negative prediction error. Instead, the next trial 
immediately followed cue-only trials. Second, to induce prediction error, a cue-reinforcer 
contingency must be established before it is violated. In the aim 3 task, cue-only trials occurred 
at random throughout the task including in some of the first trials. Participants may not have fully 
learned to associate the cues with their respective tastes before cue-only trials, thus dampening 
the possible effect of prediction error on brain response. These limitations are notable because 
prediction error and expectancy have a clear role in brain response to food and eating 
behavior.74,335 Before we choose to consume a food, we use learned expectations around the 
food’s flavor, texture, portion size, and impact on satiety to guide choices. When we consume a 
food, those expectations are either met, or we experience prediction error. A food could be less 
palatable or more rich than expected, thus violating our expectations and causing prediction 
error. Prediction error is signaled by dopamine spikes in the midbrain, which projects to regions 
of the brain involved in executive function, memory, and attention.336 Individual differences in 
brain response to prediction error may have important implications for variation in food 
conditioning, and thus should be studied further.  
Finally, the results of these studies are limited in their generalizability. The sample 
recruited for aims 1 and 2 contained primarily white, non-Hispanic college students sampled 
from Chapel Hill, NC. The sample for aim 3 was similarly homogeneous, with majority white, 
non-Hispanic, adolescents. While this research was able to identify predictors of learning 
performance and correlates of brain adaptations over learning and repeated cue/food exposure, 
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those predictors may have different distributions in a more diverse sample. For example, there 
is evidence that white women report higher levels of dietary restraint that Black/African-
American women, and that geographical location is associated with disorder eating 
behaviors337. Because we sampled a narrow section of the population, we may not see the 
same relationships of behavioral and psychological constructs to food reinforcement learning. 
Further, if the long-term goal of this research is to improve obesity risk detection and inform 
obesity prevention efforts, it is critical to examine the effect of structural and environmental 
factors that have known associations with obesity, such as socioeconomic status.41 If studies of 
eating behavior consistently recruit homogenous samples, the variation in environmental factors 
will likely be small, making it difficult to ascertain the possible relationship between race or 
financial wealth on appetitive responses and eating behavior. Purposeful recruitment of diverse 
populations is needed to improve our ability to study eating behavior and make meaningful 
changes to curtail obesity in those who are at a higher risk of developing obesity. There are 
multiple strategies researchers can enact to address this limitation. First, researchers can set a 
priori recruitment targets to ensure that they recruit a representative sample. This method has 
long been applied in epidemiology and behavioral intervention research, and would be greatly 
beneficial to lab-based studies of eating behavior. Second, researchers can collaborate with 
groups in different geographical locations or with access to other populations to increase the 
variability of the sample, and improve generalizability. While this method can introduce issues 
around data collection continuity, statistical adjustments can be made for possible site-effects. 
Ultimately, the benefits of recruitment more diverse samples for public health greatly outweigh 
any issue with data collection.  
Strengths 
In consideration of these limitations, this research as several noted strengths. First, the 
studies here each include large samples for neuroimaging and lab-based eating behavior 
research. Issues of power and sample size are at the forefront of discussions around the validity 
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of neuroimaging research, because small samples contribute to false positive effects and limit 
the reproducibility of findings.338,339 Previously, a common rule of thumb for neuroimaging 
studies was 30 participants per group, but this represents a sample too small for any 
examination of individual differences in brain response.143 The neuroimaging data presented 
here include 90 (aim 1) and 154 (aim 3) participants, representing over three times the median 
sample size (28 subjects) of highly-cited experimental neuroimaging studies in 2018.340 Given 
the importance of large samples to estimate stable effects, the sample sizes included in this 
research is a clear strength.  
Second, the use of the appetitive PST represents one of the first examinations of brain 
response to appetitive conditioning on a response dependent task. Typically, taste 
administration tasks employed in neuroimaging follow a passive design, where taste is 
automatically administered following a cue. The appetitive PST used here allows for choice, 
reflecting instrumental conditioning rather than classical conditioning. Because, classical 
conditioning and instrumental conditioning via secondary reinforcers are associated with 
differences in BOLD response,174 the data collected on the appetitive PST task is highly novel. 
Further, the PST task was designed to assess how individuals respond to positive and negative 
outcomes, which is directly relevant to eating behavior. As a primary reinforcer, all foods provide 
some level of reinforcement when they are consumed. How that reinforcement shapes future 
food choice represents an early point of variation in eating behavior. However, the original task 
used text-based feedback as its reinforcer.78 Because behavioral and neural response to 
reinforcement are different between primary and secondary reinforcers,329,331 it was imperative 
to adapt the PST to use taste reinforcement to examine its implications for eating behavior. By 
modifying the task to use taste as reinforcement, this research allowed for better representation 
of the neural and behavioral correlates of reinforcement learning from food.  
Third, the analyses here provide unique information regarding how brain response to 
food cues and taste changes over time within a single neuroimaging session. Despite known 
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neural adaptations to repeated cue/food exposures, most studies of brain response to taste 
administration present effects averaged over time. To date, few studies have examined the 
dynamics of brain response over exposure. The results presented here support that the degree 
to which brain response changes over time is associated with individual characteristics, and in 
other research, adaptation predicts weight change over time.21 Along with prior work, this 
research provides novel support for the hypothesis that how individuals undergo food 
conditioning can have a meaningful impact on their eating behavior. While the basis of this idea 
goes back to early reinforcement learning research theory, support from neuroimaging data and 
interest in individual differences in appetitive conditioning are still emerging.13,341,342 The 
research presented here adds meaningfully to this growing body of work.   
Future Directions of Research 
Pilot Testing Modifications to the Appetitive Probabilistic Selection Task 
One of the main limitations of this research was due to problems with participant 
performance on the appetitive PST paradigm. An immediate next step to build on the present 
research is to pilot test the appetitive PST further to improve overall task performance. In the 
original version of the task, training was completed for a variable amount of trials, until 
participants reached a minimum accuracy criterion for each pair of shapes.78 This was modified 
in the present version of the appetitive PST so that participants completed 104 training trials. 
Training was completed for a fixed number of trials to accommodate timing constraints 
associated with neuroimaging, but the limited number of trials may have provided too little 
opportunity for participants to learn. Thus to improve participant performance on the appetitive 
PST and better assess learning, pilot testing should include changes to the number of training 
trials. To do this, a pilot test should follow the original training design of the task as closely as 
possible. Participants should complete training trials until they reach accuracy criteria (e.g. 65% 
accuracy for the 80/20 pair). In the original study, reacting the criterion took an average of 200 
trials.78 Changing the number of trials requires other adjustment to the task. Under the present 
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taste administration setup, this would equate to giving participants over 1600mL of liquid in the 
training session, which would likely induce sensory-specific satiety and cause interruptions to 
the paradigm for participants to relieve themselves.343 Thus, to accommodate a greater number 
of trials, the volume of taste delivered as feedback should be reduced. Based on data from aim 
3, 0.5mL of taste per trial should be an adequate volume to evoke brain response to taste. If 
pilot testing administered 0.5mL of taste on each trial, participants would on average consume 
80mL of sweet and bitter beverages over the training, representing a much more manageable 
volume. Since the goal of pilot testing would be to increase accuracy, testing may take place 
outside of the magnet to allow for greater flexibility in timing. If performance improves, variability 
in training length across the pilot participants can inform scanning time for future iterations. 
Following its original paradigm setup, PST performance was found to vary with BMI, such that 
overweight/obesity was associated with insensitivity to negative feedback.23 An initial goal of this 
research was to test if this effect was observed with feedback from taste. However, issues with 
the task prevented this aim from being tested fully. By changing the appetitive PST training to 
better match the original version of the task, future research will be able to test this question 
with better continuity between tasks.   
Testing Dynamic Functional Connectivity During Conditioning 
Aim 1 demonstrates that the application of functional connectivity and network analysis 
provides unique and novel information about how the brain responds to reinforcement from 
taste. As demonstrated in aim 3, brain response to food cues and taste changes over the 
course of time within a single session, and the magnitude of these changes are related to 
weight status and eating behavior constructs. Future studies of food conditioning neuroimaging 
should explore how taste-dependent functional connectivity and networks change over time 
using dynamic functional connectivity methods. Dynamic functional connectivity detects time-
dependent changes in functional connectivity using network-based metrics. Initial applications of 
dynamic connectivity analyses to reinforcement learning show that conditioning is associated 
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with dynamic adaptation in functional connectivity between the striatum and other brain regions, 
including the orbitofrontal cortex and ventromedial prefrontal cortex.107 Based on our work, if 
similar dynamic connectivity analyses were applied to food conditioning data, connectivity of the 
caudate, PCC, and oral somatosensory cortex to other regions involved in reinforcement 
learning (e.g. the orbitofrontal cortex or prefrontal cortex) would likely change over time. Another 
possible method to examine dynamic functional connectivity during conditioning is dynamic 
connectivity regression (DCR).312 DCR uses data-driven methods to identify network ‘states’ in 
the brain, representing network structure common across multiple timepoints. Following the 
identification of network states, DCR can identify how often and when participants undergo state 
changes in response to an experimental condition. Individual differences in conditioning may be 
reflected in changes to network states, so DCR results could be used to examine how brain 
networks change with food conditioning or the onset other appetitive states, such as sensory-
specific satiety. Since food conditioning sensitivity to sensory-specific satiety has implications 
for eating behavior, this information could be applied to improve obesity risk assessment.  
Predicting Eating Behavior and Weight Change 
The overarching goal of these studies was to identify how reinforcement learning 
performance correlates with eating behavior and adiposity. A logical step to follow this research 
is to test whether or not learning performance can predict changes in eating behavior and 
weight. Two investigations building on this work could help address this question. The first 
possible study would involve an laboratory-based experiment testing the effect of conditioning 
on ad libitum eating behavior. An overview of the possible design follows: participants complete 
the appetitive PST (improved by pilot testing), while undergoing fMRI scan. Some period of time 
after conditioning, for example 24 hours, participants return to the lab to test how much they 
consume in an ad libitum meal where different containers of the food are labelled with the 
symbols that participants were exposed to during the PST. Research questions could include a) 
does PST performance predict which foods participants choose to eat and how much; b) are 
 
 114 
participants aware of any associations between the task stimuli and their choices; c) does brain 
response during task predict performance and/or eating behavior. This study would build on the 
present work and connect appetitive PST performance to actual eating outcomes. A second 
investigation could build on the first by adding longitudinal assessments to examine how 
baseline measures of brain response during the appetitive PST and task performance predict 
outcomes such as BMI change, adiposity, and future eating behavior. Based on work from 
Burger and Stice, brain adaptation to appetitive conditioning on a passive taste administration 
task predicts weight change over three years.21 Performance on the appetitive PST may 
similarly relate to weight change over time, or other related outcomes.  
Significance and Public Health Impact 
Obesity and its comorbid conditions make up one of the greatest public health 
challenges in the US and increasingly worldwide. Understanding the etiology of obesity is one of 
the first steps to combating the obesity epidemic. While many factors influence weight status, 
eating behavior represents one of the most proximal, modifiable determinants of weight. This 
work applies concepts and approaches from psychology and neuroscience to examine eating 
behavior. Identifying traits that influence eating behavior can have direct implications for obesity 
prevention work. This research found that individual differences in performance and brain 
response during reinforcement learning via taste exist, and how individual learn from taste 
related to weight status and behavioral characteristics. Insensitivity to reward, termed 
anhedonia,344 has long been implicated in obesity and overeating, and more recent research 
also connected insensitivity to punishment with elevated weight23,120. This research supports 
that BMI is related to insensitivity to outcome learning from food reward and punishment, as well 
as higher cue-responsiveness. With this information, obesity prevention interventions targeting 
reinforcement learning can be developed to help improve individual sensitivity to food reward 
and punishment and decrease food cue responsiveness. For example, interventions could 
target food cue responsiveness through training on cognitive strategies to reduce cravings, such 
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as thinking about the negative health impact of eating a food when its cue is presented.345 
Increasing sensitivity to food reward and punishment can help individuals make food choices 
based on reinforcer value, rather than automatically following habits.346   
Beyond obesity, this research supports the hypothesis that individual differences in brain 
response during reinforcement learning and psychological factors have implications for reward 
and punishment sensitivity. so by intervening on reinforcement learning, programs can help to 
increase sensitivity to food reward and punishment. This information can be used to target 
eating behavior interventions by delivering food reinforcement interventions to individuals who 
are mostly likely to have differential abilities to learn from outcomes of food reinforcement. 
Efforts to target and tailor interventions have greatly increased in recent years347, and results 
from the studies here show that certain individuals may benefit more from interventions that act 
on food conditioning compared to others.  
More broadly, the research here demonstrates that implicit, basic processes, such as 
reinforcement learning, can have profound impacts on eating behavior. While this research 
could be misconstrued as supporting obesity biases, results should be interpreted in a different 
manner. Obesity is often perceived as a failure of self-control,348 but this research suggests that 
eating behavior is under the influence of conditioning that occurs outside of awareness. This 
finding contributes to broader research supporting that overeating and weight gain are the 
product of a number of risk factors outside of an individual’s direct, conscious control.349 Our 
research directly fights the misconception that people with obesity choose to overeat, instead 
supporting the idea that external factors like food cue exposure relate to brain response, and 
may influence  decisions. Ultimately, brain adaptations over reinforcement learning can trigger a 
cascade of neural and behavioral changes that eventually form long term eating habits. While 
an emphasis on good habits is nothing new to public health messaging around eating 
behavior350,351, this research demonstrates how deeply engrained learning from food is in human 
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dietary response. It is essential that public health efforts work make healthy food choices easy 




APPENDIX A: SUPPLEMENTAL MATERIALS FOR CHAPTER IV 
Probabilistic Selection Task Performance  
A summary of participant performance on the PST task training is presented in Table 
A.1. Out of the 104 training trials in the modified Probabilistic Selection Task, participants 
responded to receive reinforcement on an average of 98.1 ± 5.6 trials. About half of those trials 
were reinforced with the reward (sweet taste, mean = 49.8 ± 6.0 trials), while participants also 
received a high number of punishment reinforcers (bitter taste, mean = 48.4 ± 5.7 trials). On the 
first block of training, choice accuracy (choose shape A, C, or E) was 50.0 ± 10.0%, and was 
the same (50.0 ± 10.0%) on the second block. On the third training block, accuracy was 49.0 ± 
9.0%, then 52.0 ± 11.0% on the final block (Figure A.1). Participants did not show a statistically 
significant change in accuracy across the blocks (F(1,338) = 0.446; p = 0.505) . Additionally, 
there was no statistically significant difference in accuracy between the pairs (F(2,252) = 1.296; 
p = 0.275). In a repeated measures ANOVA, controlling for within-participant effects, we found 
no significant difference in performance between pairs and over the blocks (Table A.1). On the 
PST posttest, participants chose shape A on 51.0 ± 11.0% of trials, representing their % 
sensitivity to reward. Participants avoided shape B on 51.0 ± 9.0% of trials, representing their % 
sensitivity to punishment. The correlation between sensitivity to reward and punishment was low 









Table A.1: PST Training Performance 
 Run 1 Run 2 Run 3 Run 4 All Runs 
Number of Trials 26 26 26 26 104 



























(0.11) 0.5 (0.05) 






(0.18) 0.51 (0.07) 






(0.18) 0.50 (0.09) 






(0.20) 0.49 (0.09) 
Number of Rewards (trials)1 Min-Max: 29-63; mean = 49.78 (6.04) 
Number of Punishments 
(trials)1 Min-Max: 31-64; mean = 48.36 (5.69) 
1 Reward is defined as sweet taste delivery, punishment is defined as bitter taste delivery.  




Table A.2: Repeated Measures ANOVA to test for differences in PST training accuracy over 
time between pairs 
 Sum Sq Mean Sq NumDF DenDF F value Pr(>F) 
block 0.009374 0.009374  1 1013 0.2998 0.5841 
pair 0.070318 0.035159 2 1013 1.1245  0.3252 
block:pair 0.030507 0.015253 2 1013 0.4878 0.6141 
 
Functional Connectivity Differences Between Reward and Punishment 
Significant differences between reward and punishment in functional connectivity 
(represented by ROI - ROI correlation) were identified via matrix t-test implemented in the 
‘psych’ package (version 1.8.4) in the R statistical software package (version 3.5.1, R 
Foundation for Statistical Computing, Vienna, Austria). Significant differences in functional 
connectivity were considered using the Benjamini and Hochberg false discovery rate adjusted 
threshold of p < 0.05 243.  
The difference in correlation value (reward > punishment) is shown in Figure A.2. Two 
correlations were significantly different between reward and punishment; 1) connectivity of the 
right intracalcarine cortex and left intracalcarine cortex, and 2) connectivity of the right oral 
somatosensory cortex and left oral somatosensory cortex. There were not significantly stronger 
correlations when comparing punishment > reward.  
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Figure A.2: Differences in Functional Connectivity between Reward and Punishment 
 
Measures of Community Topology  
To examine community integration, segregation, and hubness during the task, graph 
topology measures of participation coefficient, clustering coefficient, betweenness centrality 
were calculated for each community and then compared within the same condition. Community 
topology measures were not compared across condition because community membership was 
not the same in all condition for the majority of communities. Segregation of communities did not 
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differ in choice, reward, or punishment. However, within condition, hubness and integration were 
significantly different between communities (Table A.3).  
Table A.3: Community Segregation, Integration, and Hubness Measures during Choice, 
Reward, and Punishment 
Community Choice a Reward a Punishment a 
Segregation: Clustering Coefficient 
1 0.84 (0.07) 0.89 (0.06) 0.88 (0.06) 
2 0.84 (0.08) 0.87 (0.06) 0.87 (0.06) 
3 0.82 (0.07) 0.86 (0.07) 0.87 (0.06) 
4 0.84 (0.08) 0.87 (0.07) 0.86 (0.06) 
5 0.84 (0.08) 0.88 (0.06) 0.88 (0.06) 
6 0.82 (0.08) 0.87 (0.06) 0.87 (0.06) 
7 0.83 (0.09) 0.86 (0.11) 0.86 (0.09) 
8 - 0.89 (0.06) - 
Significance Testing b,c p = 0.43 p = 0.75 p = 0.12 
Integration: Participation Coefficient 
1 0.77 (0.23) 0.83 (0.17) 0.87 (0.1) 
2 0.87 (0.13) 0.93 (0.03) 0.87 (0.16) 
3 0.84 (0.16) 0.91 (0.05) 0.89 (0.09) 
4 0.87 (0.14) 0.87 (0.13) 0.86 (0.14) 
5 0.80 (0.20) 0.92 (0.05) 0.89 (0.12) 
6 0.86 (0.13) 0.88 (0.11) 0.86 (0.13) 
7 0.64 (0.24) 0.62 (0.26) 0.59 (0.29) 
8 - 0.86 (0.17) - 
Significance Testing b,c p = 0.010* p <0.0001* p <0.0001* 
Hubness: Betweenness Centrality 
1 0.009 (0.005) 0.007 (0.005) 0.007 (0.004) 
2 0.010 (0.005) 0.008 (0.005) 0.008 (0.004) 
3 0.011 (0.005) 0.009 (0.005) 0.009 (0.005) 
4 0.009 (0.005) 0.008 (0.004) 0.008 (0.004) 
5 0.009 (0.006)  0.007 (0.005) 0.007 (0.004) 
6 0.011 (0.007) 0.008 (0.005) 0.008 (0.006) 
7 0.005 (0.004) 0.003 (0.003) 0.004 (0.005) 
8 - 0.006 (0.007) - 
Significance Testing b,c p <0.0001* p <0.0001* p = 0.0017* 
a Mean (SD) 
b Differences in topology between community within the same condition tested via ANOVA  




Measures of Nodal Topology during Choice, Reward, and Punishment 
To examine differences in nodal integration, segregation, and hubness during the task, 
graph topology measures of participation coefficient, clustering coefficient, betweenness 
centrality were calculated. The sample’s mean clustering coefficient, mean betweenness 
centrality, and mean participation coefficient during each condition are reported in Table A.4.  





(mean & SD) 
Clustering 
Coefficient  
(mean & SD) 
Participation 
Coefficient  
(mean & SD) 
Amygdala (L) 0.008 0.006 0.84 0.09 0.84 0.13 
Amygdala (R) 0.007 0.006 0.85 0.09 0.81 0.17 
Dorsal striatum (L) 0.011 0.007 0.83 0.08 0.91 0.07 
Dorsal striatum (R)  0.011 0.008 0.83 0.09 0.92 0.06 
Fusiform gyrus (L) 0.012 0.010 0.82 0.09 0.87 0.14 
Fusiform gyrus (R)  0.011 0.007 0.82 0.08 0.86 0.14 
Hippocampus (L) 0.008 0.007 0.85 0.08 0.88 0.14 
Hippocampus (R)  0.008 0.009 0.85 0.09 0.86 0.12 
Insula (L) 0.008 0.007 0.85 0.09 0.88 0.15 
Insula (R)  0.008 0.006 0.85 0.08 0.88 0.12 
Intracalcarine cortex (L) 0.011 0.007 0.82 0.08 0.89 0.09 
Intracalcarine cortex (R)  0.011 0.007 0.82 0.08 0.86 0.16 
Lateral OFC (L) 0.011 0.008 0.82 0.09 0.83 0.19 
Lateral OFC (R)  0.012 0.008 0.82 0.09 0.89 0.11 
Medial OFC (L) 0.010 0.007 0.83 0.09 0.85 0.18 
Medial OFC (R)  0.010 0.007 0.83 0.08 0.85 0.17 
Pre/postcentral gyrus (L) 0.009 0.008 0.84 0.09 0.91 0.08 
Pre/postcentral gyrus 
(R) 
0.010 0.007 0.84 0.08 0.90 0.13 
Precuneus (L) 0.007 0.006 0.84 0.09 0.83 0.14 
Precuneus (R)  0.010 0.009 0.84 0.09 0.86 0.15 
Thalamus (L) 0.010 0.008 0.83 0.09 0.90 0.09 
Thalamus (R)  0.010 0.009 0.83 0.09 0.89 0.12 
Ventral striatum (L) 0.005 0.006 0.83 0.11 0.65 0.26 
Ventral striatum (R)  0.005 0.005 0.83 0.10 0.65 0.30 
Ventrolateral PFC (L) 0.009 0.008 0.84 0.09 0.86 0.15 
Ventrolateral PFC (R)  0.009 0.008 0.84 0.09 0.86 0.13 
Ventromedial PFC (L) 0.011 0.008 0.83 0.09 0.88 0.14 











(mean & SD) (mean & SD) (mean & SD) 
Amygdala (L) 0.006 0.007 0.89 0.07 0.84 0.15 
Amygdala (R) 0.006 0.006 0.89 0.07 0.81 0.20 
Dorsal striatum (L) 0.009 0.006 0.86 0.07 0.93 0.03 
Dorsal striatum (R)  0.008 0.007 0.87 0.07 0.93 0.05 
Fusiform gyrus (L) 0.009 0.008 0.85 0.09 0.90 0.09 
Fusiform gyrus (R)  0.007 0.007 0.87 0.08 0.86 0.18 
Hippocampus (L) 0.008 0.008 0.88 0.07 0.90 0.08 
Hippocampus (R)  0.007 0.008 0.88 0.07 0.88 0.08 
Insula (L) 0.005 0.004 0.90 0.06 0.92 0.05 
Insula (R)  0.008 0.007 0.87 0.08 0.91 0.07 
Intracalcarine cortex (L) 0.008 0.007 0.87 0.07 0.91 0.08 
Intracalcarine cortex (R)  0.009 0.006 0.86 0.07 0.91 0.12 
Lateral OFC (L) 0.008 0.006 0.87 0.07 0.90 0.08 
Lateral OFC (R)  0.009 0.007 0.87 0.08 0.89 0.13 
Medial OFC (L) 0.009 0.008 0.86 0.07 0.91 0.05 
Medial OFC (R)  0.009 0.007 0.86 0.08 0.91 0.08 
Pre/postcentral gyrus (L) 0.007 0.005 0.88 0.07 0.92 0.07 
Pre/postcentral gyrus 
(R) 
0.008 0.007 0.87 0.07 0.93 0.03 
Precuneus (L) 0.007 0.006 0.88 0.07 0.87 0.11 
Precuneus (R)  0.009 0.011 0.87 0.07 0.89 0.10 
Thalamus (L) 0.007 0.006 0.88 0.07 0.92 0.04 
Thalamus (R)  0.008 0.012 0.87 0.08 0.92 0.06 
Ventral striatum (L) 0.003 0.003 0.87 0.09 0.69 0.24 
Ventral striatum (R)  0.004 0.004 0.85 0.16 0.63 0.29 
Ventrolateral PFC (L) 0.007 0.013 0.88 0.07 0.89 0.11 
Ventrolateral PFC (R)  0.005 0.005 0.89 0.06 0.86 0.18 
Ventromedial PFC (L) 0.009 0.008 0.86 0.07 0.91 0.09 





(mean & SD) 
Clustering 
Coefficient 
(mean & SD) 
Participation 
Coefficient 
(mean & SD) 
Amygdala (L) 0.007 0.009 0.88 0.07 0.85 0.15 
Amygdala (R) 0.005 0.005 0.90 0.07 0.85 0.11 
Dorsal striatum (L) 0.009 0.006 0.87 0.07 0.93 0.05 
Dorsal striatum (R)  0.009 0.008 0.87 0.07 0.92 0.05 
Fusiform gyrus (L) 0.009 0.008 0.87 0.07 0.89 0.12 
Fusiform gyrus (R)  0.008 0.007 0.87 0.07 0.85 0.16 
Hippocampus (L) 0.007 0.005 0.88 0.06 0.90 0.06 
Hippocampus (R)  0.007 0.007 0.88 0.07 0.89 0.09 
Insula (L) 0.007 0.006 0.89 0.07 0.91 0.07 
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Insula (R)  0.007 0.006 0.88 0.07 0.91 0.08 
Intracalcarine cortex (L) 0.009 0.007 0.86 0.07 0.90 0.11 
Intracalcarine cortex (R)  0.009 0.006 0.86 0.07 0.91 0.09 
Lateral OFC (L) 0.007 0.006 0.87 0.07 0.90 0.08 
Lateral OFC (R)  0.010 0.008 0.86 0.08 0.90 0.10 
Medial OFC (L) 0.009 0.008 0.86 0.07 0.90 0.12 
Medial OFC (R)  0.008 0.005 0.87 0.07 0.90 0.10 
Pre/postcentral gyrus (L) 0.007 0.005 0.88 0.06 0.93 0.04 
Pre/postcentral gyrus 
(R) 
0.008 0.007 0.87 0.07 0.93 0.02 
Precuneus (L) 0.007 0.006 0.88 0.06 0.85 0.17 
Precuneus (R)  0.009 0.009 0.87 0.08 0.88 0.11 
Thalamus (L) 0.007 0.006 0.87 0.07 0.91 0.07 
Thalamus (R)  0.007 0.005 0.87 0.07 0.91 0.07 
Ventral striatum (L) 0.005 0.009 0.86 0.09 0.69 0.25 
Ventral striatum (R)  0.004 0.004 0.86 0.13 0.68 0.27 
Ventrolateral PFC (L) 0.007 0.006 0.88 0.07 0.89 0.12 
Ventrolateral PFC (R)  0.006 0.006 0.88 0.06 0.86 0.15 
Ventromedial PFC (L) 0.009 0.007 0.86 0.07 0.92 0.06 







APPENDIX B: EXPLORATORY FACTOR ANALYSIS OF VARIABLES ASSOCIATED WITH 
REINFORCEMENT LEARNING 
 
A brief summary is presented here of initial planned analyses corresponding to aim 2. An 
exploratory factor analysis was performed, then factor scores were regressed onto performance 
on the appetitive Probabilistic Selection Task. Due to methodological problems with the 
exploratory factor analysis, results were not included in Chapter V.  
Overview and Hypothesis 
A number of physiological and physiological factors have been associated with 
reinforcement learning, however the relationship between these variables and their combined 
effect on conditioning have been largely unexplored. Using an exploratory factor analysis, this 
research explored the underlying structure of variables including body mass index, working 
memory capacity, three measures of eating behavior, and four measures of reward/punishment 
responsivity in a sample of 90 healthy young adults. To examine how the four factors related to 
reinforcement learning, factor scores were regressed onto three behavioral measures of 
reinforcement learning assessed during the appetitive probabilistic selection task posttest:  
sensitivity to reward (% choose A), sensitivity to punishment (% avoid B), and overall 
performance (% choose A and avoid B).  
Aim 
Explore factor structure of biobehavioral characteristics related to reinforcement learning 
and test for if factor scores predict behavioral sensitivity to food reward and punishment.  
• Hypothesis: Factors representing metabolism/weight, sensitivity to reward, and 
sensitivity to punishment will emerge, and that the metabolism factor and sensitivity to 






Data from 90 participants was used for this analysis. Exploratory factor analysis (EFA) 
was completed on nine variables: body mass index (BMI), N-back task accuracy; dietary 
restraint, emotional eating and external eating as assessed by the Dutch Eating Behavior 
Questionnaire; reward responsivity and punishment avoidance as assessed by the BIS/BAS, 
and trait sensitivity to reward and sensitivity to punishment as assessed by the SPSRQ.  
Learning performance was assessed on the appetitive Probabilistic Selection Task 
(PST) posttest.  Behavioral sensitivity to reward was calculated as the percent of trials where 
participants choose the shape with the highest likelihood of being reward (% choose reward), 
and behavioral sensitivity to punishment was calculated as the percent of trials where 
participants avoided the shape with the highest likelihood of being punished (% avoid 
punishment). Overall performance was the average of the two outcomes (% choose reward and 
avoid punishment). All data was collected in a single, cross-sectional study visit.  
Exploratory Factor Analysis Assumptions and Sample Size 
EFA requires several assumptions to be met before completion. First, complete data 
across the nine variables is required. There was no missing data in the sample, so this 
assumption was met. Second, the assumption that the variables have some level of relatedness 
or factorability was met, as each of the nine variables showed at least one correlation above 0.3 
with another variable (Table B.1). However, the Kaiser-Meyer-Olkin measure of sampling 
adequacy352 was 0.49, which is below the recommended threshold of 0.6. suggesting the 





Table B.1: Correlations between variables included in the EFA 
  2 3 4 5 6 7 8 9 
1. BMI 0.11 0.32** 0.13 -0.04 -0.01 0.07 0.09 0.07 
2. N-Back Accuracy -- -0.23* 0.17 0.23* -0.06 -0.02 0.02 -0.04 
3. Dietary Restraint -- 0.26* 0.02 0.21* 0.09 0.2 0.12 
4. Emotional Eating  -- 0.46** 0.26* 0.06 0.23* -0.01 
5. External Eating   -- 0.08 0.12 0.28** 0.26* 
6. BIS     -- -0.23 0.53** -0.35** 
7. BAS      -- -0.36** 0.52** 
8. SPQ       -- -0.05 
9. SRQ        -- 
* p < 0.05, ** p < 0.01; BMI = Body Mass Index, BIS = behavioral inhibition 
scale, BAS = behavioral activation scale, SPQ = sensitivity to punishment 
questionnaire, SRQ = sensitivity to reward questionnaire 
 
Exploratory Factor Analysis & Factor Scores 
An exploratory factor analysis (n=90) was completed to examine the factor structure of 
the nine variables using R Statistical Software (Version 3.5.1, The R Foundation for Statistical 
Computing). First, we determined the optimal number of factors to extract from the data using 
parallel analysis353. A correlation matrix was calculated for the nine variables, then eigenvalues 
were calculated. Eigenvalues were be plotted against a set of random eigenvalues on a Cattell’s 
scree plot (Figure B.1)353. The number of eigenvalues before the intersection of the real 
eigenvalues and the random eigenvalues was identified at four353. Thus, four factors were 
extracted using a maximum likelihood function354. Varimax rotation was applied to determine the 
simple structure of factor loadings. A factor loading cut-off of 0.3 was used to identify factors 
assignment, and cross-loadings were included. Factor scores were calculated from factor 
loadings that survived thresholding. For each participant, factor scores were calculated as the 
sum of variables in a given factor, weighted by factor scores.  
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Figure B.1: Cattell’s Scree Plot to Determine Optimal Number of Factors 
 
 
Multivariate Linear Regression of Factor Scores on Posttest Performance  
Regression analyses were completed with data from 89 participants, as one participant 
was missing posttest performance data. A multiple linear regressions were used to test if factor 
scores predicted behavioral sensitivity to reward (Model 1), behavioral sensitivity to punishment 
(Model 2), and overall performance on the PST posttest (Model 3).   
Interim Results  
Results of the parallel analysis determined that four factors were sufficient to explain 
variance in the measures. Four factors were identified from the data representing sensitivity to 
reward (BAS, SRQ, and  [-] BIS), sensitivity to punishment (BIS, SPQ, and [-] BAS), dietary 
restraint and adiposity (dietary restraint and BMI), and cued overeating and memory (external 
eating, emotional eating, and n-back accuracy) (Table B.2). Linear regression models did not 
significantly predict sensitivity to reward (p = 0.83), sensitivity to punishment (p = 0.97), or 




Table B.2: Factor Loadings of behavioral and physiological variables (n=90) 
 Factor 1 Factor 2 Factor 3 Factor 4 
BAS .50 -.38 .13 .12 
SRQ .99 -.01 .10 .05 
SPQ -.05 .97 .14 .16 
Dietary restraint .03 .08 .90 .01 
Emotional eating -.08 .06 .28 .72 
External eating .22 .18 -.02 .66 
BMI .04 .04 .33 .02 
N-Back Accuracy -.03 -.01 -.25 .34 
BIS -.39 .45 .21 .18 
SS Loadings 1.45 1.34 1.16 1.14 
Proportion Var. 0.16 0.15 0.13 0.13 
Cumulative Var.  0.16 0.31 0.44 0.56 
Test of the hypothesis that 4 factors are not sufficient:  
c2 =10.07; df = 6; p = 0.122 
 
Table B.3: Linear regression analyses predicting appetitive PST performance outcomes from 
factor scores (n=89) 
Model 1: Linear regression to predict sensitivity to reward (% choose reward) 
 β SE t-value p Model Fit 
R2 = 0.02 
adjusted R2 = 0.03 
F(4, 84) = 0.37 
p = 0.83 
Factor 1 -.0002 .072 -.24 .81 
Factor 2 .0010 .001 .88 .38 
Factor 3 -.0009 .001 -.16 .87 
Factor 4 -.099 .011 -.92 .36 
Model 2: Linear regression to predict sensitivity to punishment (% avoid punishment) 
 β SE t-value p Model Fit 
R2 = 0.006 
adjusted R2 = 0.04 
F(4, 84) = 0.14  
p = 0.97 
Factor 1 -.0007 .002 -.45 .65 
Factor 2 .0005 .002 .34 .73 
Factor 3 -.0006 .008 -.08 .93 
Factor 4 -.0069 .016 -.44 .66 
Model 3: Linear regression to predict overall performance (% choose reward and avoid 
punishment) 
 β SE t-value p Model Fit 
R2 = 0.02 
adjusted R2 = 0.03 
F(4, 84) = 0.35 
p = 0.84 
Factor 1 .0002 .002 .12 .89 
Factor 2 .0014 .001 .97 .34 
Factor 3 -.0012 .008 -.16 .87 





Interim Discussion  
Results suggest that while some underlying factor structure may exist among the 
variables examine in this sample, the factors identified are not related to posttest performance 
on the PST. Null results may be due in part to limitations of the EFA. The sample, while large for 
lab-based eating behavior research, is not large for EFA. Opinions vary, but the majority of 
researchers recommend that EFA is completed in sample sizes of at least 200 participants355. 
Our sample was likely too small for EFA. This was echoed in the sample’s low measure of 
sampling adequacy score (0.43), suggesting that the sample did not have enough variance 
across the measures to produce a reliable factor structure. Because of issues with power and 






APPENDIX C: SUPPLEMENTAL MATERIALS FOR CHAPTER V 
Associations between independent and dependent variables  
To test for significant correlations between the independent variables and dependent 
variables, we calculated using Pearson’s correlation coefficients (r). We also tested for 
statistically significant correlations. Results are shown in Table C.1. We found multiple 
statistically significant correlations between variables. Because we observed statistically 
significant relationships between independent variables, we chose investigate possible 
multicollinearity using the variance inflation factor.   
Table C.1: Correlation Matrix of Variables (n=89) 
  Independent Variables Outcomes 
  2 3 4 5 6 7 8 9 10 11 12 
1. BMI 0.11 0.32** 0.13 -0.04 -0.01 0.07 0.09 0.07 -0.09 -0.13 0.01 
2. N-Back Accuracy -- -0.23* 0.17 0.23* -0.06 -0.02 0.02 -0.04 -0.09 -0.13 0.01 
3. Dietary Restraint -- 0.26* 0.02 0.21* 0.09 0.2 0.12 0.11 0.18 -0.03 
4. Emotional Eating  -- 0.46** 0.26* 0.06 0.23* -0.01 0.04 0.12 -0.08 
5. External Eating   -- 0.08 0.12 0.28** 0.26* -0.19 -0.22* -0.05 
6. BIS     -- -0.23 0.53** -0.35** -0.16 -0.08 -0.15 
7. BAS      -- -0.36** 0.52** -0.13 -0.09 -0.09 
8. SPQ       -- -0.05 0.07 0.03 0.08 
9. SRQ        -- -0.05 -0.06 -0.01 
10. Overall Accuracy        -- 0.76** 0.69** 
11. Sensitivity to Reward          -- 0.06 
12. Sensitivity to Punishment                 -- 
* p < 0.05, ** p < 0.01; BMI = Body Mass Index, BIS = behavioral inhibition scale, BAS = behavioral 
activation scale, SPQ = sensitivity to punishment questionnaire, SRQ = sensitivity to reward 
questionnaire 
 
To test the assumption of no multicollinearity for multivariate linear regression, the 
variance inflation factor (VIF) was computed for each variable included in the models to predict 
overall posttest accuracy (% choose reward and avoid punishment), sensitivity to reward (% 
choose reward), and sensitivity to punishment (% avoid punishment). We found that the VIF for 
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each variable was low (Table C.2), suggesting that the assumption of no multicollinearity was 
met.  
Table C.2: Variance Inflation Factor for Independent Variables 
Variable Variance Inflation Factor  
BMI 1.204288 
N-Back Accuracy 1.285504 
Dietary Restraint 1.422294 
Emotional Eating 1.565518 







Goodness of Fit Metrics for Multivariate Linear Regression Model to Predict Overall 
Accuracy (% choose reward and avoid punishment) 
 
To assess how well our model fit the outcome of overall PST posttest accuracy (% 
choose reward and avoid punishment), we checked for the normality of residuals, influential 
data points, and autocorrelated errors. First, using the Q-Q plot (Figure C.1), that plots 
studentized residuals against theoretical quantiles, we show that overall accuracy follows a 
normal distribution, as evident by the fact that points on the Q-Q plot follow a generally linear 
relationship. This was confirmed when we plotted the distribution of residuals (Figure C.1), 




Figure C.1: Q-Q Plot and Distribution of Residuals for Model 1 
 
 
We next tested for overly influential data points by calculating Cook’s Distance, which 
measures the effect of removing a given data point on the model. Using the threshold of Cook’s 
distance > 0.5 for possible influential values, we see that none of the data points show 
excessive influence on the model (Figure C.2).  
Figure C.2: Cook’s Distance Plot by Participants (x axis) for Model 1 
 
 
To test for autocorrelation of the residuals values, we applied the Durbin-Watson Test, 
which tests for dependency between residuals. The null hypothesis of the Durbin-Watson test is 
that hat the error term in for one observation is not correlated with the error term of other 
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observations. We found no evidence of autocorrelated residuals (D-W Statistic = 1.77; p-value = 
0.28), as evident by failure to reject the null hypothesis that there is no dependency between 
residuals.  
Goodness of Fit Metrics for Multivariate Linear Regression Model to Predict Sensitivity to 
Reward (% choose reward) 
 
We completed the same procedure to test for the model to predict PST sensitivity to 
reward (% choose reward). When we examined the normality of residuals using the Q-Q plot 
and distribution of residuals plot (Figure C.3), we did not observe any evidence for major 
skewness among the residuals, suggesting that the assumption of normality of residuals is met. 
Also, we did not observe evidence for influential points as evident by the Cook’s Distance plot 
(Figure C.4). Finally, the Durbin-Watson test indicated that there was no autocorrelation of the 
residuals (D-W Statistic = 1.74; p-value = 0.19).  
 




Figure C.4: Cook’s Distance Plot by Participants (x axis) for Model 2 
 
 
Post-Hoc Power Calculations 
To check if our sample had adequate power to detect significant effects in multivariate 
linear regressions, we completed post-hoc power calculations for the three significant models 
using the estimated multiple R2 values to determine the effect size for each model (Cohen’s f2) 
using G*Power Software (Heinrich Heine University Düsseldorf, Düsseldorf, Germany). For the 
model to estimate overall accuracy (model 1), with a sample size of n=89, 10 variables, an 
alpha error probability of 0.05, and an effect size of Cohen’s f2 = 0.30 (corresponding to multiple 
R2 = 0.23), we found that we had 94.4% power to detect a statistically significant effect. For the 
model to estimate sensitivity to reward (model 2), with a sample size of n=89, 10 variables, an 
alpha error probability of 0.05, and an effect size of Cohen’s f2 = 0.35 (corresponding to multiple 
R2 = 0.26), we had 97.8% power to detect a statistically significant effect. Finally, we calculated 
post-hoc power to detect an interaction for the model to predict overall performance. With a 
sample size of n=89, 11 variables with 1 tested variable, an alpha error probability of 0.05, and 
an effect size of Cohen’s f2 = 0.38 (corresponding to multiple R2 = 0.28), we have 99.9% power 
to detect a significant interaction.  
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Correction for Multiple Comparisons 
To correct for multiple comparisons, we used the Benjamini-Hochberg procedure to 
identify significant associations, corrected for the false discovery rate (Table C.4). Across 
independent variables in the three models, raw p-values were ranked in ascending order. Then, 
using a false discovery rate of 0.25, we calculated the Benjamini-Hochberg critical values for 
each variable. Variables with Benjamini-Hochberg critical values at or below 0.05 were 










BIS 1 (Overall Accuracy) 0.004 1 0.008 
External Eating 2 (Sensitivity to Reward) 0.004 2 0.017 
Emotional Eating 2 (Sensitivity to Reward) 0.006 3 0.025 
BMI 2 (Sensitivity to Reward) 0.012 4 0.033 
External Eating 1 (Overall Accuracy) 0.019 5 0.042 
SPQ 1 (Overall Accuracy) 0.023 6 0.050 
BIS 2 (Sensitivity to Reward) 0.032 7 0.058 
Emotional Eating 1 (Overall Accuracy) 0.047 8 0.067 
BIS 3 (Sensitivity to Punish.) 0.048 9 0.075 
BMI 1 (Overall Accuracy) 0.051 10 0.083 
Dietary Restraint 2 (Sensitivity to Reward) 0.059 11 0.092 
SPQ 3 (Sensitivity to Punish.) 0.084 12 0.100 
Sex (Male = 1) 1 (Overall Accuracy) 0.108 13 0.108 
SPQ 2 (Sensitivity to Reward) 0.138 14 0.117 
Dietary Restraint 1 (Overall Accuracy) 0.153 15 0.125 
Sex (Male = 1) 2 (Sensitivity to Reward) 0.155 16 0.133 
SRQ 1 (Overall Accuracy) 0.352 17 0.142 
Sex (Male = 1) 3 (Sensitivity to Punish.) 0.399 18 0.150 
N-Back Accuracy 2 (Sensitivity to Reward) 0.471 19 0.158 
SRQ 3 (Sensitivity to Punish.) 0.485 20 0.167 
N-Back Accuracy 1 (Overall Accuracy) 0.538 21 0.175 
SRQ 2 (Sensitivity to Reward) 0.542 22 0.183 
External Eating 3 (Sensitivity to Punish.) 0.663 23 0.192 
BAS 2 (Sensitivity to Reward) 0.678 24 0.200 
BAS 1 (Overall Accuracy) 0.679 25 0.208 
BMI 3 (Sensitivity to Punish.) 0.841 26 0.217 
BAS 3 (Sensitivity to Punish.) 0.867 27 0.225 
N-Back Accuracy 3 (Sensitivity to Punish.) 0.884 28 0.233 
Dietary Restraint 3 (Sensitivity to Punish.) 0.91 29 0.242 
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